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Abstract

A fast transition from fossil fuels to renewables is important to minimise further global

warming, yet energy forecasts have systematically underestimated the technologies

most critical to decarbonisation. This thesis asks: How can S-curves be used to better

understand and forecast technological change? It comprises three papers that identify

biases in standard S-curve estimation, develop a Bayesian forecasting framework

grounded in empirical diffusion regularities, and apply the framework to assess the

probability of energy transition scenarios in the IPCC AR6 report.

The first paper characterises the downward bias in S-curve asymptote estimates

under standard fitting techniques. The bias can persist even when 30% of the curve

is observed, and estimates exhibit high variance. We develop a parametric bootstrap

debiasing method that leverages approximately unbiased growth and noise parameter

estimates to correct the bias. Applied to electric vehicle and solar PV adoption data,

the debiased estimates indicate continued sustained growth trajectories.

The second paper compiles 120 historical growth trajectories spanning centuries

of technology adoption and shows that diffusion is systematically asymmetric. The

Bertalanffy–Richards curve with β ≈ 2/3 provides superior out-of-sample fit, explain-

ing nearly 95% of variance across technologies. These cross-technological regularities

enable a technology-agnostic Bayesian forecasting framework whose distributional

forecasts are well-calibrated. Applied to renewables, the framework forecasts that
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global solar PV will reach a median of roughly 80 PWh per year by 2050 (90%

prediction interval 13–470 PWh), comparable to all the useful energy the world con-

sumes today, surpassing nearly all IPCC AR6 scenarios and the International Energy

Agency (IEA) net-zero by 2050 scenario. The wind forecast (median ∼ 5 PWh per

year, 90% prediction interval 4–17 PWh) falls below many AR6 targets.

The third paper exploits a complementarity between empirically grounded fore-

casts and integrated assessment model (IAM) scenarios: scenarios explore what policy

could achieve, while S-curve forecasts assess what historical diffusion trends suggest.

The AR6 ensemble over-represents scenarios with low solar growth relative to our

forecasts. Under trajectories consistent with observed diffusion patterns, warming at

net-zero is likely limited to below 2◦C, with rapid electrification and a significant

decline in fossil fuel share by 2050. The median net-zero year is 2068, with a 10%

probability of reaching net-zero before 2050.

Taken together, the thesis demonstrates that technologies exhibit some remarkable

regularities, and one can use S-curves to forecast them. Combining such forecasts

with appropriate statistical methods provides a powerful empirical benchmark against

which scenarios can be transparently evaluated.
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Chapter 1

Introduction

1.1 Background

Diffusion patterns in society Ideas, practices, and innovations diffuse through

societies in characteristic patterns. Across diverse domains, from disease spread in

epidemiology [1, 2] and biological growth to tumor growth [3], product adoption in

marketing [4], innovation diffusion in sociology [5, 6], technology adoption [7, 8], and

scientific literature growth [9, 10], processes often follow sigmoid-shaped trajectories

known as Sigmoidal curves or S-curves.

The mathematical description of S-curves dates to the 19th century, originally

developed for phenomena unrelated to technology. Gompertz [11] introduced the

Gompertz function in 1825 to model human mortality, while Verhulst [12] developed

the Logistic function in 1838 to describe population growth. Later extensions,

including the Richards function [13] and the Bass diffusion model [4], increased

flexibility to capture varying adoption rates and external influences [14].

S-curves in technological change Technology diffusion represents a particularly

important application of the S-curve framework. In early diffusion, adoption is

limited but growth is rapid. Adoption increases as the technology becomes cheaper,
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better understood, and more widely available. Eventually growth tapers off, and the

technology reaches saturation. This happens as the remaining potential adopters

shrink, due to technology competition and constraints, and other factors.

Throughout history, innovations from monasteries and railroads to mobile phones

and the internet have all exhibited characteristic S-shaped adoption patterns [7, 15,

16]. These trajectories reflect the non-linear dynamics of technological change [15],

including feedback loops, emergent properties, and phase transitions [17].

Estimation and forecasting challenges. Despite excellent fits to historical

data, S-curve forecasts have frequently failed to predict future diffusion accurately.

Traditional fitting methods yield highly variable forecasts and exhibit systematic

biases, especially when fitted to early-stage data [18, 19]. Different models (logistic vs.

Gompertz) can produce vastly different predictions, with little consensus on model

selection [20]. Historical forecasts have often been overly pessimistic, systematically

underestimating adoption speeds [21–24], while forecasters have frequently relied on

expert judgment despite evidence that statistical models outperform expert elicitation

[23, 25].

Renewable energy transitions and the need for better forecasting These

methodological challenges are particularly consequential for energy policy. The Paris

Agreement requires rapid deployment of renewable electricity to limit warming to 1.5-

2°C [26, 27]. Yet S-curve forecasts for renewable energy have been notably inaccurate,

frequently underestimating renewable adoption rates [28] and overestimating cost [29].

Inaccurate forecasts lead to insufficient policy support, inadequate infrastructure

planning, and missed opportunities [24, 30]. Baumgartner et al. [31] also highlight
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the need for improved robustness analysis in the modeling of S-curve forecasts.

Probabilistic scenario assessment Using forecasts of individual technologies,

one can offer a probabilistic interpretation of energy transition scenarios. The

IPCC uses integrated assessment models to generate energy system scenarios [27].

Critics and the IPCC authors themselves [27] argue these scenarios lack probabilistic

assessments of likelihood [32–34], representing ”projections” or possible futures under

a set of assumptions, rather than being grounded in empirical evidence. By grounding

forecasts in historical patterns and quantifying uncertainty probabilistically, we can

assess which transition scenarios are consistent with empirical evidence.

Thesis research question Improving S-curve forecasting methods is critical for

informing policy and for strengthening understanding of technological change more

broadly. This thesis asks: How can S-curves be used to better understand and forecast

technological change? By investigating S-curve diffusion patterns in the context

of technological change and energy transitions, the thesis speaks to long-running

debates on socio-technical transitions, including how futures are anticipated and

governed through models and scenarios. This thesis develops and tests probabilistic,

empirically grounded S-curve forecasting methods and uses them to evaluate the

likelihood of alternate transition pathways. In doing so, it strengthens assessments

of transition dynamics and provides a more robust basis for decision-making when

using scenarios to inform policy.
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1.2 Research Context

This thesis addresses the overarching research question through three interconnected

research questions, each addressed in a separate research article.

1.2.1 Research question 1 – Why have S-curves failed to

accurately predict diffusion patterns?

Motivation. Traditional S-curve forecasting relies on fitting models to historical

data using non-linear least squares (NLLS) regression. However, this approach yields

highly variable and unreliable forecasts, particularly for early-stage diffusion data

[18, 31]. Many renewable energy forecasts have been systematically pessimistic,

underestimating actual deployment [28, 29]. Understanding why these forecasts fail

is critical for improving technology adoption predictions and informing long-term

planning.

Main contributions. Chapter 3 investigates the causes of S-curve forecast and

parameter estimation bias. We demonstrate how the proportion of the diffusion

process observed, the number of data points, and noise levels all affect estimation bias

and forecast accuracy. We quantify this bias across simulated diffusion trajectories,

showing it can persist even when more than 25% of the curve is observed. We

present a debiasing method that, under certain conditions, reduces median parameter

estimate bias, improving forecast accuracy and reliability. Applying debiased methods

to electric vehicle and solar PV adoption data indicates these technologies are on

continued sustained growth trajectories to 2030.

4



1.2.2 Research question 2 – How universal and predictable

is technological growth?

Motivation. Building on the first question, we intend to improve S-curve forecast-

ing by identifying commonalities across technologies. If each technology follows a

unique growth pattern dependent on idiosyncratic factors, such as firm competence,

policy support, and geopolitics, then forecasting becomes inherently difficult and

requires careful consideration for each individual technology of interest. However,

technologies may share common diffusion dynamics driven by underlying social,

economic, and network effects [5], which could lead to common patterns or shapes

across technologies [35–37]. Identifying such commonalities could provide a better

understanding of technological change and enable more reliable, technology-agnostic

forecasting approaches.

Main contributions. Chapter 4 presents novel insights into common patterns

of technological growth. We compile an extensive database of 120 historical S-

curve growth trajectories, ranging from 12th century monasteries to 21st century

mobile phones. We analyze commonalities across diverse technologies spanning time,

geographies, and sectors, and uncover that technology adoption exhibits universal

characteristics. These cross-technological regularities allow for a technology-agnostic

modeling approach and cross-sectional validation. We develop a Bayesian inference

framework that generates well-calibrated distributional forecasts. Applying this to

solar PV and wind useful energy generation, we conclude that rapid growth is likely

to continue in coming decades, with solar and wind supplying the majority of global

energy by 2050.
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1.2.3 Research question 3 – What are likely future energy

transitions?

Motivation. The IPCC Assessment Reports present ensembles of energy transition

scenarios from Integrated Assessment Models (IAMs). While these scenarios explore

various pathways to climate goals, they do not provide probabilistic forecasts [38, 39].

Policymakers need quantitative tools to assess which scenarios are plausible versus

which rely on unrealistic assumptions, and to calculate the likelihood of achieving net-

zero by specific target years conditional on empirical technology diffusion patterns.

Using results and methods from Research Question 2, we derive a probability

measure for transition scenarios, providing a more robust basis for decision-making

and scenario evaluation.

Main contributions. Chapter 5 provides a methodology to calculate approximate

probabilities for an ensemble of transition scenarios. Using distributional forecasts

from Chapter 4, we compare IPCC AR6 scenarios for solar PV and wind electricity

share against empirically grounded forecasts. We construct likelihood scores enabling

probabilistic interpretation of the scenario ensemble. Our analysis demonstrates that

AR6 scenarios over-represent low-growth scenarios for solar PV compared to empirical

forecasts. Accounting for likely scenarios, we find that low-warming, high-renewables,

low Carbon, Capture and Storage (CCS) scenarios are more probable than suggested

by the scenario ensemble average. This highlights a need to recalibrate scenario

assumptions to include more rapid technology growth (in particular solar).
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1.3 Thesis Structure, Methods, and Scope

This thesis comprises seven chapters that integrate literature review, three empirical

papers addressing the research questions, and synthesis. Table 1.1 summarizes the

thesis structure, and Figure 1.1 illustrates how the papers build upon each other and

the literature review, positioned along an S-curve trajectory reflecting the diffusion

processes central to this thesis.

Ch. Component Link Purpose & Key Contributions

1 Introduction – Motivates the problem and sets up the three linked
research questions.

2 Literature re-
view

– Reviews S-curve theory, Bayesian forecasting methods,
and scenario/transition-modelling foundations.

3 Paper 1 RQ1
1. Diagnose and quantify estimation/forecast bias
2. Propose debiasing, applied to EV & solar PV
3. Highlight need for improved S-curve forecasting

methods

4 Paper 2 RQ2
1. Cross-technology database + empirical regularities
2. Bayesian distributional forecasting framework
3. Produce probabilistic forecasts for solar PV and

wind (used in Paper 3)

5 Paper 3 RQ3
1. Uses Paper 2 distributions to evaluate AR6 scenario

pathways
2. Builds likelihood scores for scenario evaluation

6 Discussion – Integrates contributions; discusses policy implications,
limitations, and future research.

7 Conclusion – Summarises the key findings and contributions of the
thesis.

Table 1.1: Thesis structure and how the papers connect.

Chapter overview. Chapter 1 motivates the research and introduces the three

interconnected research questions. Chapter 2 reviews literature on S-curves, Bayesian

forecasting methodology, and energy transition modeling. Chapters 3, 4, and 5 present

the three empirical papers addressing Research Questions 1, 2, and 3 respectively,
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Literature
Review

Paper 1 (RQ1)
bias diagnosis
+ debiasing

Paper 2 (RQ2)

empirical regularities
+ forecast framework

Paper 3 (RQ3)
scenario

evaluation

Future
research

forecasting
challenges

forecast
distributions

policy
insights

Disruption Slow growth Rapid growth Saturation

Figure 1.1: Thesis flow and how the papers connect, illustrated along an S-curve trajectory.

with each building on insights from the preceding work. Chapter 6 synthesizes the

findings, discusses policy implications and limitations, and proposes future research

directions. Chapter 7 summarizes the key contributions and concludes the thesis.

Terminology: forecast, prediction, projection, and scenario. The thesis uses

the terms forecast, prediction, projection, and scenario in distinct, IPCC-consistent

senses [27]. A prediction is a best estimate of the actual future evolution of a quantity.

A forecast is a probabilistic prediction: a distribution over future outcomes derived

from data and a statistical model. The Bayesian forecasts in Chapters 3–4 are

conditional on observed data and a prior, and should therefore be read as conditional

probabilistic statements rather than unconditional predictions of what will happen. A

projection is the potential future evolution of a quantity computed with a model under

specified assumptions; projections are explicitly conditional on those assumptions and

do not carry attached probabilities. A scenario is an internally consistent narrative

about how the future may unfold, typically operationalised through a set of model

projections under coherent assumptions about drivers (e.g. population, GDP, policy).
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Scenarios are used by the IPCC and IEA to explore plausible futures; they are not

assigned likelihoods within those frameworks. Chapters 3 and 4 produce forecasts in

the probabilistic sense above; Chapter 5 compares these forecasts against the IPCC

AR6 scenario ensemble, which is itself a collection of model projections.

Methodological approach. The thesis employs three complementary methods.

All three papers use S-curve models and statistical inference. Paper 1 uses simulations

to generate synthetic S-curve trajectories with known parameters, enabling controlled

diagnosis of estimation bias under varying conditions. Paper 2 combines cross-

technology empirical analysis with Bayesian inference, to identify regularities and

make well-calibrated forecasts. Paper 3 applies likelihood-based scenario evaluation,

comparing modelled transition scenarios against the empirically grounded forecast

distributions from paper 2.

Thesis scope. The scope of the thesis is focused on understanding and improving S-

curve forecasting methods, understanding technological change, and evaluating energy

transition scenarios. The empirical applications (forecasts) emphasise renewable

energy generation technologies (solar PV, wind) and, secondarily, electric vehicles,

reflecting the centrality of renewable electricity to energy transitions. Other relevant

applications exist, such as AI. The analysis operates primarily at global or national

aggregation levels and does not explicitly model energy system feedbacks (e.g., grid

integration constraints, supply-chain bottlenecks, or policy endogeneity). As a result,

forecasts and scenario likelihoods should be interpreted as empirical plausibility

conditional on historical diffusion patterns rather than as full-system or political

feasibility claims.
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Chapter 2

Literature Review

2.1 S-Curves: Theory, Applications, and Forecast-

ing

S-curves are non-linear functions that describe the diffusion, adoption, or growth

trajectory of a phenomenon over time [40, 41]. These curves exhibit three distinct

phases: an initial slow growth phase, a rapid growth phase, and a saturation phase

where growth levels off [42, 43]. The initial phase represents early adoption, where

only a few individuals or entities adopt. This is followed by a rapid growth phase,

where adoption accelerates as more individuals become aware and start adopting.

The saturation phase occurs when the majority of the population has adopted, leading

to a slowdown in growth as the market becomes saturated [5, 41]. A fourth phase,

the decline or death phase, can be observed in some diffusion processes, where the

phenomenon loses relevance and is substituted by a new superior innovation [37], or

in cases of an epidemic (e.g., COVID-19), where the number of infections eventually

declines. The S-curve description typically focuses on the first three phases and

ignores this decline phase.

The first descriptions of S-curves date back to the 19th century [11, 12]. Gompertz
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[11] introduced the Gompertz function in 1825 to model human mortality rates, and

shortly after, Pierre-François Verhulst [12] developed the logistic function in 1838 to

describe population growth. Since then, researchers have widely used S-curves to

model various diffusion processes across different fields [4, 5, 7, 44]. In 1957, Griliches

fitted S-curves to the diffusion of hybrid corn across US states [8]. In 1972, Crane

identified logistic S-curve patterns across a range of agricultural innovation diffusion

[45].

Fisher and Pry [37] used logistic curves to forecast substitution of new technologies

for old ones, applying it to energy. Bhargava [46] extended their model in an attempt

to better model energy substitution. Fouquet [47] shows that multi-century energy

transitions (coal, oil, gas) follow S-curves spanning 50-100 years, and Comin and

Hobijn [48] find S-curves universal across 15 technologies and 25 countries over two

centuries. Grubler et al. [7, 15, 16, 49] provide extensive analysis of S-curve patterns

in energy systems, transport modes, and industrial processes.

This empirical universality has motivated the extensive application of S-curve

models as a fundamental description of technology diffusion dynamics. Geroski [50]

provides a comprehensive review of S-curve models for technology forecasting, and

Kucharavy and De Guio [44] review their application to innovation diffusion. Beyond

technology, S-curves have found extensive application in fields ranging from biology

[51] to scientific literature growth [9, 10], the science of science [52], and technology

policy [53].
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2.1.1 Mathematical Foundations

S-curves are a phenomenological pattern: many diffusion processes exhibit an S-

shaped trajectory when viewed at the aggregate level. However, technological change

unfolds in complex, path-dependent systems, which can limit the reliability of smooth

S-curve extrapolations. External shocks such as policy shift, feedback processes, and

competition can produce departures from an idealized S-shaped trajectory [54–57].

This motivates statistical approaches that quantify uncertainty rather than relying

on a single best-fit curve.

In the remainder of this section, we introduce a generalized S-curve formulation

that nests commonly used special cases such as the logistic and Gompertz curves,

and we discuss how these models are fit to empirical diffusion data. We then briefly

outline candidate mechanisms that can give rise to aggregate S-shaped dynamics,

providing interpretation without assuming a single universal causal explanation.

The generalized S-curve model. To accommodate the complexity of real-world

diffusion processes, researchers have added additional parameters to the basic S-curve

models [14, 58, 59]. Most S-curve models can be derived from a single general

differential equation [60]. Tsoularis and Wallace [14] present a differential equation

that describes most S-curve models as

dQt

dt
= kQα

t

[
1−

(
Qt

L

)β
]γ

(2.1)

where Qt is the diffusion level, L is the asymptotic stock for t → ∞, k is the

exponential growth rate for t→ −∞, and α, β, γ determine the shape of the S-curve,

such as the length of the approximate exponential growth phase and the position of

12



the inflection point (point of maximum growth).

The Bertalanffy-Richards curve. When α = γ = 1, eq. 2.1 reduces to the

Bertalanffy-Richards (B-R) curve [61–63], 1

dQt

dt
= kQt

[
1−

(
Qt

L

)β
]

(2.2)

with analytical solution:

Q(t) =
L

(1 + e−βk(t−t0))1/β
. (2.3)

Originally developed to model biological organism growth (particularly fish [65]

and other animals [64]), this curve has since been applied to technology diffusion and

energy transitions [66]. The parameter β determines the symmetry and inflection

point position. When β > 1, the inflection point occurs after 50% adoption; when

β < 1, it occurs before 50% adoption.

Logistic curve - the symmetric and exponential S-curve. Setting β = 1 in

eq. 2.3 reveals the symmetric S-curve

Q(t) =
L

1 + e−k(t−t0)
(2.4)

where t0 defines the inflection point. This is known as the logistic curve [50, 67].

The two defining characteristics are its symmetry around the inflection point and its

approximate exponential growth behavior for early levels of diffusion where t≪ t0.

1A generalized S-curve function of the Bertalanffy function [64] and a simplification of the
Richards curve [13].
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Researchers have widely applied the logistic curve across diverse fields. Applica-

tions include technology adoption [8, 36, 49, 68, 69], patent data [70], population

dynamics [71], cell population growth [72], epidemic spreading [2, 73, 74], biology

[51, 75], the science of science [52], and numerous other domains [4, 58, 59, 76, 77].

Ayres [78] claimed that the logistic curve may be considered a quasi-law of techno-

logical change [79].

Gompertz curve - the asymmetric and superexponential S-curve. Despite

the popularity of the logistic curve, others have suggested alternative forms that

may provide better representation of empirical data [7, 20]. The Gompertz curve

addresses the desire for asymmetry in diffusion processes. It can be derived from eq.

2.2 by dividing by β and taking the limit β → 0, yielding

Q(t) = Le−e−k(t−t0) (2.5)

The Gompertz curve is characterized by its asymmetry around the inflection

point and its superexponential growth behavior for early levels of diffusion where

t ≪ t0. Researchers have widely used it to model epidemics [80], cell biology [81],

population dynamics [59], technology adoption [37, 46, 69, 78, 82], tumour growth

[3], bacterial growth [83], and more [11, 84–90].

2.1.2 S-curves in empirical observations

Empirical evidence for early-stage growth behaviors. The logistic and

Gompertz curves exhibit fundamentally different growth behaviors. The logistic

curve has approximate exponential growth for early diffusion (t≪ t0), meaning logQt
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grows linearly with constant slope k. The Gompertz curve exhibits growth where

the log-growth rate d logQt

dt
decays exponentially rather than remaining constant.

Nagy et al. [23] provide systematic empirical evidence that energy technologies

exhibit approximate exponential growth during early diffusion stages, supporting the

logistic model’s growth assumption. Subsequent work by Baumgartner et al. [31]

and Way et al. [29] confirms this pattern across diverse energy technologies. Comin

et al. [91] also find that many technologies exhibit exponential growth during early

adoption phases, preceded by a period of faster-than-exponential growth.

Despite these different theoretical growth assumptions, both logistic and Gompertz

curves can fit empirical data well [41, 69, 92, 93], while yielding fundamentally different

growth patterns; Logistic is exponential and symmetric, while Gompertz prescribes

exponentially decaying growth and an asymmetric adoption curve.

Empirical model comparison studies. Numerous empirical studies have com-

pared logistic and Gompertz models across applications with mixed results. Sudtasan

et al. [94] conclude that Gompertz best fits telecommunications diffusion in Thailand.

Vieira et al. [95] and Dhar and Dutta [96] similarly favor Gompertz for certain

growth processes. Conversely, Akin et al. [97] find the logistic equation better models

bacterial growth, while Gompertz excels at tumor growth [85]. Satoh et al. [93]

show that US mobile phones and tractors were better modeled using logistic, while

cars in the Netherlands and computer-aided software engineering jobs fit Gompertz

better. Nagula [98] finds Gompertz provides better forecasts for fuel-cell technologies.

Bakher et al. [92] find that while logistic and Gompertz fit similarly well, the Bass

model fits online shopping adoption in Australia better than either. These mixed

results highlight that model choice matters but no single model dominates across
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contexts.

The theoretical underpinnings also remain contested. Comin et al. [91] find that

the logistic curve generally fails to fully capture technology diffusion dynamics at

early stages, while the Gompertz curve fails to capture exponential growth despite

better representing asymmetric patterns. Epidemics similarly exhibit asymmetric

patterns [74, 80], though both logistic and Gompertz have been applied to epidemic

modeling. These challenges motivate principled approaches to model selection and

averaging (Section 2.2).

This raises a deeper question about whether exponential growth patterns must

inevitably continue. Ayres [99] argues that while historically many technologies have

exhibited exponential growth, this progression need not continue indefinitely—societal

resources, expectations, and values that enable exponential growth may shift, causing

technologies to deviate from exponential patterns even at relatively early stages [100,

101]. For instance, a societal shift towards sustainable consumption and minimalism

could reduce energy demand growth, slowing the current exponential trajectory [102].

Unexpected external shocks, such as technological breakthroughs, policy interventions,

or tipping points, can also cause sudden changes in diffusion trajectories [103–106].

Recent examples include the policy of flattening the curve during the COVID-19

pandemic [107] and the rapid adoption of remote work technologies [108].

Why symmetry matters for forecasting. The choice between symmetric and

asymmetric S-curves can fundamentally shape forecasting outcomes. Symmetric

S-curves assume the growth and decline phases mirror each other, where rapid growth

leading to the inflection point is followed by an equally rapid deceleration toward

saturation [10]. Asymmetric S-curves, in contrast, allow for different dynamics on
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either side of the inflection point. This distinction becomes critical when extrapolating

from partial data: if we observe only the early growth phase, the assumption of

symmetry versus asymmetry dramatically affects where we place the inflection point

and ultimate saturation level [20].

Evidence for asymmetry. Grubler [7] examined historical energy transitions

and found that asymmetric models often fit better than symmetric logistic curves,

with slower initial growth followed by more rapid acceleration better capturing coal,

oil, and natural gas adoption in the 19th and 20th centuries. Meade and Islam [20]

demonstrate that capturing the appropriate degree of symmetry matters more than

the specific functional form, though the optimal degree may vary across technologies

and contexts. While multiple S-curve formulations may fit historical data well, this

makes it difficult to determine which model truly describes the underlying diffusion

dynamics. This creates fundamental forecasting challenges, as different models can

yield similar historical fits but divergent long-term predictions.

2.1.3 The B-R Curve: A Flexible Compromise

Addressing the symmetry question with flexibility. The B-R curve, given in

eq. 2.3, offers a practical solution to both the symmetry debate and the ambiguity of

model selection problem identified by Meade and Islam [20]. The shape parameter

β controls the degree of asymmetry and encompasses both logistic (β = 1) and

Gompertz (dividing by β and taking limit β → 0) as special cases. This allows the

data to determine the appropriate asymmetry rather than requiring the modeler

to choose a priori. This flexibility makes the B-R curve attractive for forecasting

applications where the true underlying diffusion mechanism is uncertain [14]. Wang et
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al. [109] applied the Richards curve (generalized B-R curve) to COVID-19 forecasting,

while Ye et al. [66] use the B-R curve for energy transition forecasts with Bayesian

regularization to prevent overfitting.

Model selection and overfitting. The B-R curve’s flexibility comes at a cost.

Adding the β parameter increases model complexity, which can lead to overfitting

when data are limited, producing unreliable parameter estimates and poor out-of-

sample forecasts [110]. Occam’s razor, the principle of preferring simpler explanations

when there is lack of evidence for complexity, has rigorous statistical justification

through the bias-variance tradeoff [111]. Because all models are approximations

of reality [112], simpler approximations often prove more useful in out-of-sample

prediction. Complex models fit training data well (low bias) but are sensitive to

noise and overfit (high variance), while simple models are more robust (low variance)

but may miss important patterns (higher bias). For S-curve forecasting with limited

data, this favors parsimonious logistic, Gompertz, or B-R (with fixed (a-)ssymmetry

β) curves over flexible alternatives unless data justify additional complexity.

2.1.4 Forecasting Challenges and Renewable Energy Appli-

cations

Estimation bias with partial data. Forecasting S-curves has proven challenging

across many domains. Van den Bulte and Lilien [18] identified systematic bias

in S-curve parameter estimation when only partial diffusion data are available,

while Baumgartner et al. [31] show that non-linear least squares (NLLS) S-curve

fitting produces highly variable and unreliable forecasts with limited data. Kung et
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al. [22] demonstrate these challenges in practice, finding that S-curve forecasts of

COVID-19 deaths systematically underestimated actual mortality during 2020, with

fitted models predicting premature saturation and failing to anticipate subsequent

waves. These estimation challenges have important implications for energy transition

forecasting and policy planning (discussed in Section 2.3).

Renewable energy S-curve forecasting applications. Recent efforts have

focused on forecasting growth paths of solar, wind, heat pumps, and EVs using

S-curve models [66, 69, 113, 114]. These studies reach different conclusions about

renewable growth trajectories. Such discrepancies may arise from methodological

choices including model selection, prior specification, data aggregation levels, and val-

idation approaches, which affect forecast outcomes even within rigorous probabilistic

frameworks (discussed in detail in Section 2.2).

2.1.5 Diffusion Mechanisms

S-curves may emerge from social and economic diffusion processes where individual

adoption decisions aggregate into characteristic patterns. Several theoretical frame-

works offer explanations for how adoption spreads through populations and why the

resulting curves exhibit S-shaped dynamics.

Laggard-innovator patterns. Rogers [40] categorizes populations into innovators

(2.5%), early adopters (13.5%), early majority (34%), late majority (34%), and

laggards (16%). This sequential adoption process generates the S-curve shape. The

transition from early adopters to early majority occurs around 16% penetration,

which is a critical threshold that Moore [115] calls the chasm separating visionary
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from pragmatic adopters. This innovator-laggard pattern extends geographically.

Granovetter [116] formalized how heterogeneous adoption thresholds aggregate into

cascades: once early adopters with low thresholds adopt, they influence marginal

adopters, triggering an avalanche effect. This explains sudden S-curve acceleration at

the inflection point [117]. Comin et al. [118] analyze 115 technologies and find that

follower countries catch up to technology leaders faster over time, with the adoption

gap half-life declining from 35 years (pre-1925 technologies) to 12 years (post-1950).

This suggests diffusion may occur more rapidly for later adopters, and that adoption

itself may be accelerating. This is discussed further in section 2.3.

Bass diffusion model. Bass [4] formalizes adoption dynamics by distinguishing

between two mechanisms, innovation and imitation. Innovation represents external

influence (advertising, media), while imitation captures word-of-mouth and social

contagion. The Bass model describes the adoption through a differential equation,

dN
dt

= (p+ q N
M
)(M −N), where N is cumulative adopters and M is market potential.

As adoption increases, the imitation term dominates, accelerating growth through

social reinforcement. Eventually saturation occurs as the pool of potential adopters

diminishes. Bass’s [4] diffusion model generates asymmetric curves. The Bass

model predicts time-to-peak adoption and has been widely applied in marketing and

forecasting [41].

Complex contagion in social networks. Other work extends the Bass model’s

simple contagion framework to account for network structure and multiple rein-

forcement requirements. While disease spread involves simple contagion (single

exposure can transmit), technology adoption often requires complex contagion where

20



individuals need exposure to multiple adopters before committing [119]. As such, the

underlying network topology can alter the resulting diffusion pathway, where early

growth occurs rapidly within densely-connected clusters through highly-connected

hubs, but slows when reaching less-connected network periphery [120, 121]. Young

[122] demonstrates that heterogeneous agent networks with social thresholds generate

adoption curves that decelerate before 50% penetration.

Network effects and increasing returns. Arthur [123] demonstrated that

technologies with increasing returns experience positive feedback that accelerates

S-curve growth once critical mass is reached. Network effects arise when technology

value increases with adoption, creating self-reinforcing dynamics [124]. During early

exponential growth, technologies benefit from learning-by-doing cost reductions and

economies of scale [29, 30], enabling rapid growth. As markets mature, however,

the favorable opportunities become exhausted and the transition from increasing to

diminishing returns slows further growth.

Mechanistic understanding: observation versus explanation. While these

frameworks offer plausible conceptual mechanisms for S-curve emergence, formal

derivation of specific functional forms (such as the asymmetric B-R curve with

particular inflection points) from first principles remains an open challenge. This

thesis observes empirical S-curve patterns, characterizes regularities across tech-

nologies, and develops well-calibrated probabilistic forecasting methods based on

these regularities. We do not provide mechanistic explanations for why technologies

follow specific S-curve shapes. That is, deriving the observed functional forms from

underlying social, economic, or network processes. Developing such mechanistic
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explanations, and testing whether network models, biological scaling analogies, or

economic transition theories can formally predict observed diffusion parameters,

represents an important avenue for future research (see Section 6).

2.2 Fitting and forecasting S-curves

Building on the S-curve theory and model selection challenges discussed in Section

2.1, this section examines statistical methods for fitting S-curves and generating

forecasts. Forecasting technology diffusion trajectories requires balancing multiple

objectives: producing accurate point predictions, quantifying uncertainty, avoiding

overfitting with limited data, and accounting for model uncertainty when multiple

functional forms fit historical data well.

In the empirical applications considered later in this thesis, limited data are often

a central constraint. Many technologies are observed only for a short portion of their

diffusion trajectory. Moreover, early-stage observations are precisely where forecasts

are most sensitive to parameter uncertainty and model choice, but this is also where

forecasts are the most useful. This motivates an emphasis on methods that regularize

estimation and quantify uncertainty under sparse or noisy information.

We review statistical and econometric approaches with emphasis on uncertainty

quantification, model selection, and fundamental limitations in forecasting practice.

We discuss tools that can be applied to S-curve modelling, focusing on expert

judgment, non-linear least squares (NLLS), and Bayesian inference, followed by

model selection, computational implementation, and forecast validation techniques.
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2.2.1 Forecasting Techniques Applied to S-curves

2.2.1.1 Expert Forecasting vs. Statistical Models

Technology forecasts often rely on expert elicitation when statistical models are

unavailable [125], particularly for long-term energy system planning where historical

data may be limited [126]. Yet, experts systematically underestimate uncertainty,

a phenomenon known as overconfidence bias [127]. When asked to provide 90%

confidence intervals, experts’ intervals contain the true value far less than 90%

of the time, indicating severe miscalibration [128]. Anchoring effects may bias

expert judgments toward current trends or recent experiences [129]. Experts may

struggle to envision exponential growth or disruptive change, relying instead on

linear extrapolations.

Tetlock [25] tracked expert predictions and found that experts often perform worse

than simple statistical models. Moreover, Engelberg et al. [130] find that professional

economic forecasters’ probability distributions are inconsistent with their own point

predictions. Morgan and Henrion [125] emphasize that infrastructure decisions require

assessing risks under deep uncertainty, and expert-based deterministic forecasts prove

inadequate for such planning.

Examples from technology forecasting. Nagy et al. [23] compared expert

technology cost forecasts to simple trend extrapolation for 62 technologies, finding

that statistical models outperformed experts for 48 of them. Meng et al. [131]

compare expert elicitation to model-based probabilistic forecasts for energy transition

technologies, finding that data-driven approaches consistently outperform expert

judgment. These systematic biases in expert forecasting motivate probabilistic
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forecasts with explicit uncertainty quantification rather than subjective expert ranges

[125].

2.2.1.2 Non-Linear Least Squares Estimation

The traditional approach and its implementation. Non-linear least squares

(NLLS) serves as the traditional workhorse for fitting S-curves to technology adoption

data [132]. The approach minimizes the sum of squared residuals between observed

data and model fit by iteratively adjusting parameters θ = {L, k, t0} until convergence.

While computationally straightforward and widely implemented in statistical software,

NLLS estimation faces significant challenges when applied to S-curve forecasting

[18].

Limitations of NLLS in S-curve forecasting. First, Baumgartner et al. [31]

show that NLLS fits to empirical S-curve data yield varied and unreliable forecasts,

sensitive to small changes in training data. Second, limited early-stage data often

weakly identifies S-curve parameters, which may lead to overfitting, high forecast

variance, and biased parameter estimates [18, 19, 133]. Third, NLLS provides point

estimates without inherent uncertainty quantification. Standard errors derived

assume asymptotic normality, which may be violated with small samples and/or

highly non-linear functions [134].

2.2.1.3 Bayesian Inference for Probabilistic Forecasting

Foundations and Bayes’ theorem. Bayesian methods yield full posterior dis-

tributions over parameters rather than point estimates, with the foundation being
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Bayes’ theorem

p(θ|Yt) =
p(Yt|θ)p(θ)

p(Yt)
(2.6)

where θ are S-curve parameters, Yt is observed data, p(θ) is the prior distribution

encoding beliefs before seeing data, p(Yt|θ) is the likelihood function, and p(θ|Yt) is

the posterior distribution representing updated beliefs after observing data.

Prior specification Priors encode our beliefs about plausible parameter values

before observing data. Well-chosen priors can dramatically improve forecast accuracy

by preventing the model from exploring unrealistic parameter regions [135]. Prior

distributions range from non-informative to strongly informative depending on the

level of prior knowledge [135, 136]. The choice of prior distribution substantially

impacts Bayesian forecasts, particularly when training data are limited [136]. Other

priors draw from empirical data through empirical Bayes or hierarchical modeling

[137, 138].

Traditional priors: non-informative to informative. Prior distributions span

a spectrum of informativeness. Non-informative (or uninformative) priors aim to let

the data dominate inference but can be problematic for S-curve forecasting: with

limited early-stage data, they may allow for implausible parameter combinations

and may yield improper posteriors for non-linear models [136]. Often, uniform

distributions or flat priors are considered non-informative. Yet, any prior implicitly

encodes information; for example, a uniform prior over a wide range may still inform

the inference procedure by assigning zero probability to values outside that range.

Weakly informative priors strike a pragmatic balance, providing some regulariza-

tion to parameter estimates without being overly restrictive [135]. Common examples
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include normal distributions with large variances or half-Cauchy distributions for

scale parameters [139]. Gelman [139] recommends weakly informative priors allowing

a wide range but avoiding extreme values that could destabilize estimation. For

S-curves, this may involve setting a wide prior on growth rates k greater than zero,

that still limits unrealistically high values.

At the far end of the spectrum, informative priors encode substantive domain

knowledge such as resource constraints, policy targets, or physical limits. Ye et

al. [66] use informative priors based on policy constraints when forecasting renew-

able energy capacity, constraining saturation levels using government targets and

resource assessments. Van De Schoot et al. [140] apply Bayesian estimation to small

datasets in psychology, and demonstrate that well-informed priors can substantially

improve parameter estimation when observations are limited. Expert elicitation

provides another route to inform priors [141, 142], though cognitive biases including

overconfidence and anchoring pose significant risks [25, 125, 143]. This may lead to

overconfident posteriors. For example, if experts believe a technology’s saturation

level L is to be within the policy target range, an informative prior centered on that

range may unduly constrain forecasts, especially if data and prior conflict. When

using informative priors, transparency and sensitivity analysis are essential to avoid

letting subjective beliefs overwhelm empirical evidence.

Empirical and hierarchical priors: data-driven approaches. Empirical Bayes

approaches use data from multiple related processes to inform prior distributions,

bridging frequentist and Bayesian perspectives [137, 144].

Hierarchical priors extend empirical Bayes by modeling parameters as drawn

from a common distribution, itself estimated from the data [138]. Rather than treat-
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ing each unit (technology, region, individual) as entirely independent, hierarchical

models assume parameters share statistical structure. For example, growth rates

k1, k2, . . . , kn might all be drawn from a normal distribution N (µk, σ
2
k), where we

estimate the hyperparameters µk and σ2
k alongside the individual parameters. This

two-level structure enables ”borrowing strength” across units, such that those with

abundant data inform the hyperprior distribution, which then provides regularization

for units with sparse data [138]. Applied to S-curve forecasting, this means technolo-

gies with extensive adoption histories inform the distribution of plausible growth

rates, saturation levels, and inflection points. For instance, if 100 technologies exhibit

growth rates distributed according to some pattern, this distributional knowledge

helps constrain forecasts for a 101st technology even when few observations are

available.

A pragmatic variant combines empirical Bayes with weakly informative elements.

This approach generates more accurate forecasts by combining frequentist and

Bayesian perspectives [137], with data-adapted priors reducing sensitivity and im-

proving robustness when data are limited [144]. For example, this could allow setting

a weakly informative prior on growth rates k centered around the empirical mean

growth rate observed across similar technologies, with a variance reflecting observed

heterogeneity and potential expected future uncertainty, due to structural breaks or

market changes. However, it makes double use of the data-once for prior specifica-

tion, again for posterior estimation—which can bias results [145] and underestimate

uncertainty by not accounting for hyperparameter uncertainty [137].

Likelihood function. Upon observing the data, Bayesian inference updates prior

beliefs by calculating the likelihood function p(Yt|θ), which quantifies how probable
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the observed data are given specific parameter values [136]. We often construct this

assuming normally distributed errors, ϵt ∼ N (0, σ2), where ϵt represents observation

noise and N (0, σ2) denotes a normal distribution with mean 0 and variance σ2.

Across iterations, the likelihood evaluates how well different parameter combinations

explain the observed adoption data, converging towards the posterior distribution.

In cases of finite data and sampling, the posterior reflects both data evidence and

prior beliefs, balancing fit and uncertainty [136].

Prior sensitivity analysis. Prior sensitivity analysis tests how forecasting conclu-

sions change with different prior specifications [146, 147]. If posterior distributions

and resulting forecasts change dramatically when priors are varied within reason-

able bounds, this indicates the data provide insufficient information to overcome

prior uncertainty. In such cases, acknowledging forecast uncertainty is preferable to

overstating precision.

Potential advantages of Bayesian S-curve forecasting. The Bayesian ap-

proach offers several advantages, particularly when data are scarce [148], as is the

case for some S-curve forecasts. The posterior distribution directly quantifies uncer-

tainty. For example, rather than reporting a single growth rate k, we obtain a full

probability distribution, reflecting both data limitations and structural uncertainty

[149]. Prior distributions allow us to incorporate domain and empirical knowledge

[137], stabilizing estimates when data are limited [135].

The Bayesian framework accommodates sequential updating. As new adoption

data arrive, the previous posterior can become the new prior, enabling computation-

ally efficient forecast updates without complete refitting [150]. This may be relevant
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for operational forecasting systems that must update regularly as new observations

accumulate, though we do not implement sequential updating in this thesis (see Sec-

tion 6.4 for discussion of this potential extension). Finally, Bayesian methods often

outperform NLLS with small samples, where informative priors prevent overfitting

by regularizing parameter estimates [136].

2.2.2 Model Selection

Different S-curve specifications can fit the same diffusion history nearly equally

well while implying very different forecasts. In this thesis, we therefore treat model

selection as a predictive question: candidate models are compared using a combination

of in-sample fit diagnostics and, crucially, out-of-sample performance assessed via

hindcasting (Section 2.2.3). The resulting selection procedure is implemented in the

empirical chapters (e.g., Chapter 4). This subsection reviews some other common

model comparison tools.

Information criteria balance goodness-of-fit against complexity [110, 151, 152].

Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) both

select models based on in-sample predictive accuracy, where AIC penalizes complexity

less than BIC, which may lead to different model choices [110]. Watanabe-Akaike

Information Criterion (WAIC) extends AIC to Bayesian models, accounting for the

entire posterior distribution [151], and handles model complexity more robustly.

Leave-One-Out Cross-Validation (LOO-CV) estimates out-of-sample predictive per-

formance by iteratively leaving out each data point, fitting the model to the remaining

data, and evaluating predictive accuracy on the held-out point [152]. Such methods

provide quantitative tools for model comparison, but they do not account for model

29



uncertainty.

Bayesian model averaging (BMA) [153, 154] offers an alternative by averaging

predictions across models weighted by posterior probabilities, allowing uncertainty

quantification over models [153]. Implementing BMA introduces additional complex-

ity and inherits prior sensitivity issues. Most applications select a single functional

form based on information criteria or domain knowledge, accepting model uncertainty

as an irreducible forecast error source. We do not implement BMA in this thesis,

but it represents a promising avenue for future research to better account for model

uncertainty in S-curve forecasting. We discuss this further in the discussion and

limitations (Section 6.3).

2.2.3 Forecast Validation

Because S-curves can achieve excellent in-sample fits even while their extrapolations

are poor, forecast evaluation in this thesis emphasizes out-of-sample validation. This

subsection introduces a validation framework used to compare candidate specifications

and to assess both point accuracy and probabilistic calibration. We first describe

hindcasting and rolling-origin evaluation, then diagnostics for distributional forecasts,

followed by point-forecast accuracy metrics and cross-sectional validation. These

tools are applied to the Bayesian S-curve forecasts in Chapter 4.

Hindcasting and out-of-sample validation. While model selection criteria

identify which model to use, validation assesses the absolute quality of the chosen

model’s forecasts. Validation must extend beyond in-sample goodness-of-fit [31].

R-squared can mislead because S-curves’ flexible functional form naturally fits well,

masking poor forecast performance. Hindcasting provides critical reality checks.
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A common approach is to truncate the historical data, generate forecasts, and

then compare predictions to subsequently observed outcomes. This simulates real

forecasting conditions, revealing model performance when extrapolating beyond

training data [155]. Rolling-origin evaluation [156] further assesses stability by

repeatedly retraining and forecasting as new data arrive, mimicking operational

forecasting. These methods expose overfitting and assess forecast robustness.

Probabilistic forecast assessment. Probabilistic forecasts require calibration

assessment beyond point accuracy [157]. Well-calibrated distributional forecasts are

such that, for example, 90% prediction intervals should contain truth 90% of the time

[158]. Calibration plots visualize whether credible intervals achieve nominal coverage

across forecast horizons. Quantile-quantile (q-q) plots compare realized and predicted

quantiles, with deviations from the 45-degree line indicating miscalibration [159]. The

probability integral transform (PIT) provides a complementary diagnostic. If forecasts

are well-calibrated, the PIT should be uniformly distributed [160]. Convex q-q plots or

U-shaped PIT histograms indicate overconfident (too narrow) forecasts, while concave

q-q plots or inverse-U-shaped PIT histograms indicate underconfident (too wide)

forecasts. The Kolmogorov-Smirnov test [161] can be used to test differences between

forecast and observed distributions; the L1 norm provides a complementary distance

metric [157]. Together, these diagnose whether a model’s predictive distributions

are well-calibrated, and offer additional heuristics for model comparison. We employ

these methods to assess the calibration and compare models of our Bayesian S-curve

forecasts in Chapter 4.
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Point forecast accuracy. For point forecasts, mean/median absolute percentage

error (MAPE, MdAPE), or mean/median absolute log error (MALE, MedALE)

provide interpretable accuracy metrics that are robust to outliers [162]. MAPE

and MdAPE are particularly useful for comparing forecast performance across

different diffusion levels and forecast horizons, revealing whether accuracy degrades

as predictions extend further into the future.

Cross-sectional validation. When data behave similarly across sections (e.g.,

technologies, regions), cross-sectional validation exploits similar patterns across

technologies [163, 164]. By treating technologies as exchangeable draws from a

common distribution, one increases effective sample size, enabling model validation.

In such cases, forecast performance on historical data can be used to inform calibration

for forecasts of new technologies. This approach relies on the assumption that

technologies share similar diffusion dynamics, described by the same underlying

model.

2.2.4 Computational Methods

Computing Bayesian posteriors typically requires numerical methods, as analytical

solutions exist only for special cases. Here we discuss several appropriate numerical

methods.

Markov Chain Monte Carlo fundamentals. Markov Chain Monte Carlo

(MCMC) algorithms generate samples from the posterior distribution when direct

computation is intractable [165]. The fundamental idea is to construct a Markov

chain whose stationary distribution equals the target posterior, where after sufficient
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iterations, samples from the chain approximate samples from the posterior.

Sampling algorithms. The Metropolis-Hastings algorithm [166, 167] is the clas-

sical MCMC sampling procedure. At each iteration, it proposes a new parameter

value, then accepts or rejects based on the ratio of posterior densities. The optimal

acceptance probability is often considered to be around 23.4% for high-dimensional

spaces [168, 169]. The acceptance rule ensures the chain converges to the correct

posterior distribution, though proposal choice affects convergence speed. Random

walk proposals centered on current parameter values are common, though more

sophisticated adaptive schemes can improve efficiency [170]. More sophisticated

sampling algorithms, such as Hamiltonian Monte Carlo [171] and its adaptive variant

No-U-Turn Sampling [172],use gradient information to explore complex posterior

geometries more efficiently, particularly for high-dimensional parameter spaces with

strong correlations. When limited to few parameters as in standard S-curve models,

the simpler Metropolis-Hastings algorithm typically suffices.

Convergence diagnostics. Convergence diagnostics verify that MCMC chains

have reached the stationary distribution. Running multiple chains initially provides

robust convergence assessment [173], though single chains may suffice for production

forecasting once convergence properties are established. Effective sample size (ESS)

quantifies how many independent samples the autocorrelated MCMC chain provides

after accounting for thinning [136]. Visual diagnostics like trace plots and autocor-

relation plots complement these numerical metrics. Practical convergence checks

include verifying that longer sampling runs or higher thinning factors do not substan-

tially change posterior estimates or out-of-sample forecast accuracy. Without proper
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convergence, posterior samples may not represent the true posterior distribution,

leading to unreliable forecasts.

Computational complexity and practical considerations. MCMC requires

thousands of likelihood evaluations. For complex models with hierarchical structures

across multiple technologies or large datasets, computation can become expensive.

Parallel chains enable both faster computation and convergence diagnostics. For typ-

ical S-curve forecasting applications, MCMC remains feasible on standard computing

hardware, requiring minutes to hours rather than days. Alternative approaches such

as variational inference [174] offer approximate Bayesian inference via optimization

rather than sampling, trading accuracy for computational speed.

2.2.5 Applications to Energy and Climate

These computational tools enable practical applications across energy and climate

policy domains.

Probabilistic forecasts for policy evaluation. Probabilistic forecasting methods

enable quantitative policy evaluation under uncertainty through explicit probability

statements. Wilson et al. [175] applied sequential Bayesian updating with informative

priors to forecast coal electricity decline, estimating a 70% probability that UK coal

generation falls below 5% by 2025 conditional on maintaining the carbon price floor.

UK coal electricity generation decreased from 40% in 2012 to under 2% in 2020,

consistent with the forecast [176]. This demonstrates how probabilistic forecasts can

inform policy decisions and provide accountability for policy effectiveness.

Raftery et al. [177] illustrate uncertainty propagation through integrated model-
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ing chains. Their Bayesian probabilistic projections of population and GDP feed into

emission scenarios and climate models, estimating > 2◦C warming has 90% proba-

bility under current policies. These analyses demonstrate the value of probabilistic

forecasting in quantifying uncertainty for assessing policy effectiveness and climate

risks.

Forecast sensitivity to methodological choices. Renewable energy forecast-

ing illustrates how methodological choices critically affect conclusions even when

analyzing identical phenomena. Cherp et al. [69] use historical growth rates to

forecast future energy growth. Ayres [78] notes that extrapolation of historical

growth rates to inform growth rates of future innovations is misleading, and likely

leads to underestimation of future growth. Further, Cherp et al. [113] generate

probabilistic forecasts via bootstrapping from (altered) S-curve fits. Ye et al. [66]

apply Bayesian inference with informative priors determined by policy targets, simi-

larly forecasting constrained growth despite the different probabilistic framework.

By contrast, Zielonka et al. [114] use Bayesian methods and predict increased yet

heterogeneous growth in Europe, with renewable forecasts often encompassing or

surpassing the green deal targets.

These juxtaposed conclusions for the same technologies demonstrate that prior

specification, model selection, and estimation methods can dominate forecast out-

comes even within rigorous probabilistic frameworks. A related concern, is that

several studies introduce ad hoc constraints. Examples include imposing cost floors

or exogenous caps on maximum growth rates for solar and wind, which can strongly

shape projected diffusion. We examine the implications of such constraints in Chapter

5. This sensitivity underscores the importance of transparent methodology, sensitivity
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analysis, and validation against out-of-sample data rather than relying solely on

in-sample fit or theory-driven constraints.

2.2.6 Challenges and Limitations

Data quality and non-stationarity. Technology adoption exhibits structural

breaks, regime shifts, measurement error, heteroscedasticity, and autocorrelation that

may violate standard econometric forecasting assumptions [91, 178, 179]. Residual

diagnostics and appropriate transformations may detect and mitigate some issues,

though some violations may persist.

Model misspecification and limits of extrapolation. When the true pro-

cess lies outside the candidate model space, all models will be misspecified and

produce poor forecasts. Testing multiple models and reporting only the best fit

inflates apparent accuracy while masking true uncertainty (specification search bias)

[180]. Posterior predictive checks provide valuable diagnostics [181], though they

cannot detect unknown uncertainty outside the model space. Beyond model class

limitations, rare high-impact events—policy shocks, disruptions, innovations—can

radically alter trajectories [182, 183]. COVID-19 rendered 2019 energy forecasts

obsolete [184]. While predictable regularities exist [7, 69], forecasts must quantify

uncertainty including structural break possibilities, with decision-makers employing

robust decision-making approaches that perform well across multiple scenarios [185].

Prior specification and sensitivity. With limited data, priors substantially affect

posteriors, raising concerns that subjective choices may drive forecasts more than

empirical evidence [135]. Prior sensitivity analysis where one varies hyperparameters
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to assess whether posteriors remain stable provides essential diagnostics [142]. Best

practice uses weakly informative priors that regularize toward plausible values

while allowing data to override initial beliefs [135]. Prior sensitivity analysis tests

how forecasting conclusions change with different prior specifications [146, 147].

If posterior distributions and resulting forecasts change dramatically when priors

are varied within reasonable bounds, this indicates the data provide insufficient

information to overcome prior uncertainty.

2.3 Energy Scenarios and Transition Pathways

Having established S-curve theory and forecasting methods in the previous sections,

we now examine how these approaches apply to energy transition modeling and policy.

Energy transitions occur over multiple decades and involve complex interactions

between technologies, economics, policy, and social behavior [186]. To navigate this

uncertainty, policymakers rely on energy scenarios—internally consistent narratives

describing potential future energy system evolution [187]. Integrated Assessment

Models (IAMs) formalize these scenarios mathematically, projecting energy demand,

supply, emissions, and costs under different assumptions [188]. The Paris Agreement

requires limiting warming to 1.5-2◦C [26], necessitating rapid renewable deployment

and deep decarbonization by mid-century. IAMs provide the primary analytical

framework for assessing whether such targets remain achievable and at what cost.

2.3.1 Integrated Assessment Models and IPCC Scenarios

Integrated Assessment Models (IAMs). The most prominent global IAMs

include AIM (Asian-Pacific integrated assessment) [189], GCAM (Global Change
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Analysis Model focusing on technology competition) [190], IMAGE (spatially explicit

model linking energy, land use, and climate) [191], MESSAGE (energy systems

optimization with detailed technology representation) [192], and REMIND (recursive

dynamic optimization coupling economy and climate) [193]. Other widely used

models include TIMES (technology-rich bottom-up optimization models) [194], and

WITCH (endogenous technical change with climate policy) [195]. These IAMs

integrate energy systems, economics, land use, and climate physics into unified

frameworks, enabling exploration of technology portfolios, policy instruments, and

transition pathways.

Shared Socioeconomic Pathways for climate scenarios. The IPCC’s Sixth

Assessment Report (AR6) [27] uses scenarios that are generated by IAMs to inform

readers about the costs, benefits and trade-offs associated with varying levels of

decarbonization ambition. The IAMs utilize a consistent range of Shared Socioeco-

nomic Pathways (SSPs) for these scenarios, which are designed to span a wide range

of plausible futures [196, 197]. They include SSP1 (sustainability), SSP2 (middle

of the road), SSP3 (regional rivalry), SSP4 (inequality) and SSP5 (rapid growth).

Researchers apply these SSPs to generate future energy and mitigation scenarios to

explore different transition pathways in a wide array of socio-economic contexts.

Illustrative Mitigation Pathways in IPCC AR6. The IPCC AR6 Working

Group III (WGIII) report selected five Illustrative Mitigation Pathways (IMPs) from

the AR6 scenario database to represent the range of possible transition approaches

[39, 198]. IMP-Ren emphasizes rapid renewable deployment, IMP-LD (Low Energy

Demand) achieves 1.5◦C through efficiency and behavioral change without large-scale
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carbon removal [68], IMP-SP (Shifting Pathways) combines demand-side lifestyle

changes with rapid supply-side transitions, IMP-Neg relies heavily on carbon dioxide

removal, and IMP-GS (Gradual Strengthening) features delayed mitigation with

policies intensifying slowly over time.

2.3.2 Historical Transition Speeds

To contextualize and evaluate these IAM projections used by the IPCC, and to assess

whether Paris Agreement timelines are feasible, we examine the speed of historical

energy and technological transitions.

Speed of transitions. Primary energy transitions have historically required cen-

turies [199]. Marchetti and Nakićenović [200] document that primary energy source

substitutions follow logistic patterns with time constants around 100 years, with coal

peaking around 1920 and oil in the 1960s. Actual transitions deviated from pure

logistic substitution patterns. For example, oil’s share of UK primary energy did

not reach near 0 by 2000 as expected by the model, but still accounts for almost

30% of UK primary energy[201].2 Fouquet [47] documents UK wood-to-coal taking

several hundred years (16th-18th centuries), and gas-to-electric lighting requiring

70 years (1880-1960) after an initial 70 years from invention to impact (1810-1880).

Geels found the transition from sailing ships to steamships spanned over 100 years

(1780–1900) [199]. Sovacool [202] finds aggregate transitions require a minimum of

40 years for single systems, potentially centuries for complete transformation. Gross

et al. [203] find successful energy technologies require 15-70 years (median 35) from

prototype to impact.

2This limitation applies equally to the S-curve forecasting approach employed in this thesis, as
discussed in Section 6.3.
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Socio-technical transitions could, however, be accelerating [16, 204]. Grubler

[205] finds coal phase-out (47-67yr) proceeded faster than coal adoption (96-160yr),

and Fouquet [47] documents UK’s coal-to-gas transition faster than wood-to-coal.

However, substitution times vary dramatically by technology. Fischer-Pry [37] show

58 years for synthetic fibers (10%-90% share) yet 10.5 years for steel furnaces. Grubler

[7] finds automobiles replaced horses in 12 years (10%-90%), while air transport

took 30 years to reach 50% share despite diesel/electric locomotives replacing steam

in 12 years [206]. Furthermore, Sovacool [202] documents ten rapid transitions

achieving 1-25% penetration in 1-16 years: Indonesian LPG (3yr), Brazilian flex-fuel

vehicles (1yr), France nuclear (11yr, 1974-1982), Netherlands gas (10yr), Ontario

coal phase-out (11yr).

Renewables: modular diffusion at unprecedented speed. Renewable elec-

tricity growth is historically unprecedented. Cherp et al. [207] document Germany’s

rise from 0% to 30% (1990-2015), though still slower than Paris-compatible 70-90%

by 2040 [208]. Solar PV deployment patterns (2010-2020) resemble mobile phones

(15yr to 50% penetration, 1995-2010) and internet (20yr, 1995-2015) [209] more

than traditional primary energy transitions (40-100yr). Solar reached 1% global

electricity share in 2010, then accelerated to 3% by 2020 [29] and 7% by 2024 [210].

Wind took 30 years to reach 1% (1980-2010), then accelerated to 6% by 2020 and

8% by 2024 [210]. Wilson et al. [211] argue that modularity determines adoption

speed—modular renewables such as solar and batteries enable mass production and

rapid learning compared to bulky technologies such as nuclear and CCS. Whether

this unprecedented speed can be sustained to achieve Paris targets, however, remains

an open question.
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2.3.3 Limitations of Scenarios

Despite their central role in climate policy, IAMs exhibit persistent shortcomings.

Recent comprehensive reviews identify systematic biases that may mislead policy

decisions.

Systematic underestimation of renewable deployment and costs. Pfen-

ninger et al. [32] and Ringkjøb et al. [33] highlight insufficient uncertainty quan-

tification, lack of empirical validation and backtesting, and limited transparency in

IAM frameworks, arguing that energy systems models cannot be properly validated

and should be seen as a source of possible storylines rather than of fundamental truth.

Krumm et al. [212] find that social aspects enter mainly as exogenous assumptions

rather than endogenously modelled dynamics. DeCarolis et al. [213] emphasize

that researchers rarely backtest IAMs against historical data despite these models

informing trillion-dollar policy decisions, while Kachirayil et al. [214] find that

flexibility and robustness challenges remain underrepresented.

Beyond these methodological limitations, IAM scenarios have been found to

systematically underestimate renewable deployment. Creutzig et al. [28] document

this pattern across many energy scenarios, with solar PV forecasts often 10− 20×

too pessimistic [29]. Ives et al. [24] and Way et al. [29] provide further empirical

evidence that renewable deployment has consistently outpaced IAM projections

across multiple technologies and regions.

Multiple factors contribute to this systematic bias. Pfeiffer et al. [215] identify

expert judgment anchored on historical fossil fuel trajectories (systematic biases

in expert forecasting are discussed in Section 2.2). Wilson et al. [175] provide

empirical evidence that MESSAGE and REMIND scenarios require longer durations
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to reach given growth extents than historical technology diffusion patterns suggest,

attributing this conservatism to parametric growth rate constraints. Wilson and

Grubler [216] demonstrate that IAM scenarios emphasize supply-side technologies

while underrepresenting efficiency improvements. Historical R&D investment al-

located only 9% to efficiency (1974-2008), yet scenario analysis projects efficiency

delivering 59% of cumulative emission reductions (2000-2100). Gilbert and Sovacool

[217] identify persistent bias against renewables in US energy models, attributing

this to institutional inertia and model assumptions favoring incumbent technologies.

This mismatch between past investment and projected impact suggests IAMs sys-

tematically undervalue efficiency improvements, which could lead to underestimation

of transition speeds and overestimation of costs.

These biases have theoretical foundations. Arthur [123] demonstrates that under

increasing returns to adoption, early advantages of existing technologies create path

dependence that can exclude superior alternatives. Beyond technical factors, Süsser et

al. [218] and Sovacool et al. [219] show that energy models sometimes serve political

agendas, with models selectively designed or interpreted to justify predetermined

outcomes rather than objectively informing policy.

Conservative cost assumptions compound these biases by failing to capture

empirical learning dynamics [23]. Applying technology cost declines with cumulative

production, or Wright’s Law, [220], have provided empirical learning rates that have

proved remarkably consistent across renewable energy technologies [30]. Nemet [221]

reports solar PV learning rates of 17-26%, later narrowed by Farmer and Lafond [30]

and Way et al. [29] to 20-24%. Wiser et al. find wind learning rates around 10-15%

[222], and Ziegler and Trancik [223] report battery learning rates of 19-21%. Yet
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many IAM scenarios implement cost floor assumptions contradicting this evidence

[224]. Krey et al. [225] find that nearly all major IAMs assume capital costs for

solar PV plants close to or higher than 1 €/W in 2050, despite 2019 costs already

averaging 0.995 €/W. However, Gritsevskyi and Nakićenović [226] demonstrate

that technological learning itself is fundamentally uncertain, finding 53 different

technology dynamics with similar overall costs but fundamentally different energy

system structures, where near-term investment decisions can create lock-in effects

that matter more than later decisions for determining long-term trajectories.

These systematic biases have profound economic implications. Way et al. [29]

show that learning-curve-based projections predict net-zero transitions will likely

save $12 trillion compared to fossil baselines, contradicting the traditional IAM

view exemplified by Nordhaus’s DICE model [227] that mitigation is costly and

economically optimal warming is around 2.5-3◦C. Victoria et al. [224] argue that

solar PV is already cost-competitive and further innovation with suitable policy

support could accelerate cost declines, enabling further rapid growth. Sivaram [228]

discusses that solar PV could be a main energy provider, but only under suitable

policy support and avoid a similar fate to nuclear power.

Perfect foresight versus bounded rationality. Most optimization-based IAMs

assume perfect foresight, where decision-makers know future technology costs, re-

source availability, and climate damages when making current investments [193, 229].

This contrasts with reality where investors face deep uncertainty about future policies,

technology breakthroughs, and geopolitical shocks [230], while bounded rationality,

satisficing behavior, and organizational routines dominate actual decision-making

[231]. Scamman et al. [232] critique that perfect foresight models lack endogenous
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feedback loops and sequential decision-making that characterize real-world energy

transitions. Some IAMs such as MESSAGE offer myopic alternatives where one

optimizes 5-10 years ahead, producing patterns closer to empirical deployment but

potentially missing long-term optimality [229].

2.3.3.1 Deterministic Framing and Missing Uncertainty

Lack of probabilistic assessment. AR6 scenarios inform international climate

negotiations, national climate targets, and energy investments [39]. Scenarios explore

what if pathways conditional on assumptions [38], not probability distributions over

futures. The spread across scenarios reflects structural uncertainty regarding model

assumptions rather than probabilistic likelihood [233].

Likelihood in the IPCC scenario framework. A central distinction is between

(i) the likelihood of a climate outcome conditional on a given pathway and (ii)

the likelihood that society follows a particular socioeconomic pathway in the first

place. In the IPCC framework, IAM scenarios are used as internally consistent

conditional explorations rather than forecasts, and AR6 does not assign probabilities

to specific SSP–mitigation pathways [234, 235]. Probabilistic language in AR6

therefore typically refers to uncertainty in assessed outcomes (e.g., temperature

implications) conditional on emissions trajectories, rather than to the likelihood of

the trajectories themselves [235]. Moreover, the AR6 scenarios database constitutes

an ensemble of opportunity, reflecting research activity and modelling conventions.

Thus, its distribution should not be interpreted as a probability distribution over

socioeconomic futures [236].

This deterministic framing has important implications. Trutnevyte et al. [34]
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survey more than 150 scenario studies and find that over 90% present deterministic

pathways without probability distributions. Through ex-post analysis of the UK

electricity system (1990–2014), they demonstrate that cost-optimal scenarios deviate

substantially from realised transitions, with cumulative costs differing by 9–23%

depending on assumptions. This suggests that cost-optimization, while computation-

ally tractable, may systematically misrepresent actual transition dynamics and costs,

potentially misleading policy decisions.

On the other hand, the vetted scenarios presented in IPCC AR6 represent a

smaller and more policy-relevant subset of the full scenario ensemble. Recent work

by Kazlou et al.[237] narrows the AR6 database to a feasible set that limits warming

while relying on more realistic levels of carbon dioxide removal (CDR). Similarly,

Hausfather and Peters [238] evaluate the accuracy of past emission scenarios, finding

that while some trajectories have tracked observations reasonably well, others have

systematically overestimated emissions. These efforts improve scenario appraisal,

but they stop short of providing formally calibrated probability distributions over

technology deployment pathways.

Attempts to attach likelihood to scenario ensembles and to benchmark

scenarios against empirical forecasts. A growing literature has sought to make

scenario ensembles more decision-relevant without claiming to predict socioeconomic

futures. Ho et al. [239] elicit subjective probabilities over emissions outcomes from

experts rather than assuming that published scenarios are equally likely. Beath et

al. [240] develop a scenario-ensemble weighting method to correct for biases, such

as dominance of particular models or intercomparison projects. This attempts to

produce summaries that are more balanced and transparent for decision makers
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[241].

A complementary line of research benchmarks normative scenarios and policy

targets against empirically grounded diffusion forecasts. Zielonka [242] and later,

Zielonka Trutnevyte [114], use probabilistic S-curve projections and compare these to

net-zero pathways or required deployment levels to estimate the feasibility of meeting

scenario-consistent targets under continuation of observed diffusion dynamics. Uidhir

et al. [243] combines diffusion modelling with energy-system and policy simulation

frameworks to evaluate whether policy targets imply diffusion rates beyond historical

precedents, providing an empirical feasibility screen for scenario narratives.

Together, these approaches illustrate practical routes toward a more probabilistic

scenario assessment by quantifying how consistent particular pathways are with

empirical diffusion regularities and forecast uncertainty. This thesis contributes

to this emerging literature by developing probabilistically well-calibrated S-curve

forecasts and applying them to assess the empirical plausibility/feasibility of scenario-

consistent deployment trajectories.

Multiple sources of uncertainty compound over time. Technology learning

rates for solar PV vary year-to-year [29], carbon prices differ substantially per

tonne CO2 by 2050 across scenarios [197], and behavioural parameters in technology

adoption [244] represent additional layers of uncertainty. Harmsen et al. [245] show

that incorporating technology cost uncertainty expands 2050 emission ranges by

50–100% compared to deterministic scenarios.
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2.3.4 Policy Implications of Scenario Limitations

IAM scenarios directly inform policy decisions worth trillions of dollars [213], and

depending on modelling choices, investing in renewables or fossil fuels may be

economically beneficial [29, 227]. Paltsev [246] argues that if history is any guide,

energy scenarios overestimate the extent to which the future will look like the

recent past3, yet policymakers continue to rely on these projections for long-term

infrastructure and investment decisions. Systematic biases and lack of uncertainty

quantification create risks for long-term planning under deep uncertainty [185].

Paris feasibility despite modeling constraints. Despite these limitations,

recent research suggests that Paris Agreement targets of 1.5-2◦C remain technically

feasible, in part because IAMs systematically underestimate renewable deployment

speeds. Rockström et al. [247] propose a carbon law of halving emissions every

decade, requiring doubling of zero-carbon energy shares every 5-7 years. Grubler

et al. [68] demonstrate that ambitious efficiency improvements and demand-side

changes can reduce final energy demand by 40% by 2050 despite population and

economic growth, achieving deep decarbonization without speculative carbon removal

technologies, though this requires unprecedented societal transformation. Rogelj et

al. [208] find that 1.5◦C pathways limiting overshoot require emissions reductions

starting now (as of 2018).

Infrastructure planning under uncertainty. Energy infrastructure has 30-50

year lifetimes, requiring planners to commit to designs based on uncertain future

conditions. When scenarios systematically underestimate renewable deployment,

3This critique extends to any forecasting method relying on historical patterns, including the
approaches employed in this thesis (discussed further in Section 6)
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infrastructure planning may lag reality, which may lead to grid bottlenecks, trans-

mission constraints, and storage inadequacies [248], further limiting the ability to

accelerate renewable deployment. Conservative renewable projections justify contin-

ued fossil fuel investment, risking stranded assets if transitions accelerate faster than

assumed [215]. Janipour et al. [249] document how such investments create carbon

lock-in through technological incompatibility, sunk costs, and institutional inertia,

making subsequent transitions to low-carbon alternatives more difficult and costly.

Without probabilistic bounds, planners face a binary choice; design infrastructure

for either a high or low renewable future, with enormous costs if wrong due to path

dependence and lock-in effects [123].

Carbon removal reliance and transition risk. Most 1.5◦C pathways in IPCC

AR6 rely heavily on large-scale carbon dioxide removal (CDR) in the second half

of the century to compensate for near-term overshoot [208, 250]. CDR technologies

like BECCS and direct air capture remain speculative at scale, with unclear learning

curves [251], vast land requirements competing with food production and biodiversity

[252], and potential moral hazard effects that weaken near-term mitigation ambition

[253]. Fuss et al. [254] characterize this as ”betting on negative emissions”, which

is a high-risk strategy if CDR fails to materialize or proves more expensive than

anticipated. If conservative renewable deployment assumptions prove wrong and

solar/wind accelerate faster than projected, less reliance on speculative CDR may be

needed, while eventually being economically cheaper if learning rates persist [30].
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2.3.5 Alternative Modeling Approaches

Agent-based models. Agent-based models (ABMs) offer an alternative approach

where heterogeneous actors (consumers, firms, governments) make decisions based

on local information, bounded rationality, and social interactions [255]. In contrast

to IAMs’ representative agents and optimization, ABMs model heterogeneous prefer-

ences (e.g., early adopters vs. laggards), social networks (observational learning),

and path dependence (network effects and infrastructure lock-in). Researchers have

applied ABMs to residential solar adoption [256], technology diffusion [244], and

policy evaluation, excelling when heterogeneity matters qualitatively and distribu-

tional impacts are important [219]. Krumm et al. [212] find that only agent-based

models adequately integrate heterogeneity of actors and public ownership. Recent

reviews emphasize ABMs’ strength in capturing social aspects and actor heterogene-

ity [257, 258]. However, ABMs face challenges in validation, parameterization, data

requirements, and computational scalability.

Network substitution models. A related alternative embeds S-curve dynamics

directly into macroeconomic frameworks. The Future Technology Transformations

(FTT) model couples logistic substitution equations with the E3ME macroeconomic

model [259]. Nijsse et al. [260] apply it to show solar PV has reached self-sustaining

momentum, likely to continue without additional policy support. Unlike IAMs that

optimise energy mixes exogenously, FTT models generate technology trajectories

endogenously. These may better capture behaviour of the full system, at the cost of

producing accurate forecasts for individual technologies; and are not systematically

backtested against historical diffusion data. We return to this trade-off in Sections

6.3 and 6.4.
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Chapter 3

Why S-curves underestimate the
future

This chapter is taken from: Wagenvoort, B. (2026). Why S-curves underestimate

the future: Systematic bias in diffusion forecasting [261].

S-curves are used to model a wide range of diffusion processes from
innovation adoption to disease spread. Through a simulation study, we
demonstrate that asymptote and inflection point parameter estimates
exhibit systematic downward bias when only a small proportion of the
S-curve is observed. This bias occurs across different functional forms
(logistic, Gompertz), noise models (Fisher-Pry, additive, multiplicative),
and estimation procedures (OLS on Fisher-Pry transform, NLLS). These
biases lead to inconsistent point forecasts that consistently underestimate
long-term adoption, offering a statistical reinterpretation of Amara’s law.
We develop a debiasing method using parametric bootstrapping that
leverages approximately unbiased growth and noise parameter estimates.
The method requires knowledge of the data-generating process and scale-
invariant noise structure, limiting its applicability. Applications to solar
PV capacity and electric vehicle adoption suggest these technologies may
sustain higher growth rates than conventional forecasts predict, though
real-world complexities (policy changes, technological disruptions, market
saturation) introduce uncertainties not captured by our simplified model.
The results highlight the importance of accounting for estimation bias
when applying conventional fitting methods to S-curve data.

Keywords: S-curves; Estimation bias; Amara’s law; Diffusion forecasting
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S-curves have modeled diffusion processes for over two centuries [11, 12, 44]. Despite

their widespread use, S-curve forecasts frequently underestimate long-term adoption. This

pattern appears in renewable energy [28, 29], electric vehicles [184, 262], and COVID-19

case projections [21, 263]. Standard estimation methods like non-linear least squares

(NLLS) produce highly variable forecasts when applied to early-stage diffusion data [31].

We investigate the statistical origins of these systematic underestimates and develop a

parametric bootstrap debiasing method. While our approach shows promise in controlled

simulations, its real-world applicability is constrained by strong assumptions about data-

generating processes. Applications to solar PV and electric vehicle adoption illustrate

how accounting for estimation bias can shift technology feasibility assessments, though we

emphasize the preliminary nature of these projections.

S-curve forecasts and their limitations. S-curves describe three phases: initiation,

exponential growth, and saturation [43]. Applications span technology adoption [7, 36,

49, 82], infrastructure dynamics [4, 14, 20], and biological systems [59]. In epidemiology,

sophisticated S-curve specifications improved COVID-19 trajectory forecasts [263], while

simpler models underestimated death counts and post-peak dynamics [21].

In technology diffusion, S-curve forecasts have led to conflicting conclusions. Some

analyses suggest rapid energy transitions are unlikely [69] or infeasible [66], while others

document persistent underestimation of renewable energy adoption [24, 28, 29]. Baumgart-

ner et al. [31] show that NLLS regression applied to different segments of solar PV data

produces highly variable forecasts, highlighting fundamental estimation challenges.

Electric vehicles present similar forecasting difficulties. Despite doubling sales share

every two years [264], projections disagree on whether growth will continue [265, 266].

Historical EV adoption has been consistently underestimated [184, 262], though whether

this pattern will persist remains uncertain [267].
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Statistical origins of systematic bias. Standard S-curve estimation at early

diffusion stages produces systematic parameter bias. We demonstrate through simulation

that asymptote and inflection point estimates are consistently downward biased, providing

a quantitative explanation for why S-curve forecasts underestimate long-term adoption—a

phenomenon commonly attributed to Amara’s law [268]. Our work builds on prior evidence

that diffusion model parameters are biased [18], extending this by characterizing bias as a

function of diffusion progress and developing practical correction procedures.

We develop a parametric bootstrap debiasing procedure that exploits two empirical

regularities: (1) growth and noise parameters remain approximately unbiased across

diffusion stages, and (2) the Fisher-Pry noise model exhibits scale-invariance. The method

improves point forecasts in controlled settings but requires strong assumptions that limit

real-world applicability. We illustrate the approach with solar PV and electric vehicle data,

showing how correcting for estimation bias affects technology feasibility assessments. These

applications are exploratory, serving to demonstrate methodology rather than provide

authoritative forecasts.

Our findings contribute to understanding why energy transition scenarios consistently

underestimate renewable adoption [24, 29] and why NLLS produces unreliable forecasts

from early-stage data [31]. However, we emphasize that real-world diffusion involves

complexities—policy interventions, technological breakthroughs, market dynamics—that

our simplified model cannot capture.
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3.1 Theoretical background and model framework

3.1.1 S-curve models and diffusion dynamics

Most S-curves derive from a general differential equation [14, 60]:

dQ(t)

dt
= kQ(t)α

[
1−

(
Q(t)

L

)β
]γ

(3.1)

where Q(t) represents adoption at time t, L denotes the asymptotic saturation level, k

measures the intrinsic growth rate, and α, β, γ control functional form.

Symmetric versus asymmetric formulations. When α = γ = 1, equation 3.1

reduces to the Bertalanffy-Richards (B-R) curve:

dQ(t)

dt
= kQ(t)

[
1−

(
Q(t)

L

)β
]

(3.2)

with analytical solution

Q(t) =
L

(1 + e−βk(t−t0))1/β
(3.3)

where t0 defines the inflection point and β determines curve symmetry [20]. Setting β = 1

yields the symmetric logistic curve:1

Q(t) =
L

1 + e−k(t−t0)
. (3.4)

The logistic form has been applied to technology adoption [36], population dynamics [71],

cell growth [72], and epidemic spreading [4, 73].

Alternative functional forms may better represent certain empirical patterns [7, 20].

The asymmetric Gompertz curve [11] is widely used in epidemiology [80], cell biology [81],

1See appendix 3.6.1 for derivation.
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and technology adoption [69]. See appendix 3.8.1 for details.

Functional form comparison. Figure 3.1 shows B-R curves for different β values

alongside the Gompertz curve. Without loss of generality, we focus on the symmetric

Figure 3.1: Bertalanffy-Richards S-curves with L = 1, k = 1, t0 = 0 for varying β. All
curves exhibit similar exponential behavior at early stages. Inflection points occur beyond
50% diffusion when β > 1 and before 50% when β < 1.

logistic curve. All findings extend to asymmetric forms such as the Gompertz curve

(appendix 3.8.1).

Fisher-Pry transformation and parameter estimation. Fisher and Pry [37]

introduced a linearizing transformation for S-curve estimation. We consider additive

Gaussian noise under the Fisher-Pry (FP) transform of the logistic curve:

Yt =
L

1 + e−k(t−t0)−σϵt
(3.5)

where ϵt ∼ N(0, 1) and σ is the shock intensity (noise parameter). This noise model

exhibits scale-invariance—the proportional error σϵt remains constant across diffusion

stages—which proves essential for our debiasing method (Section 3). While we acknowledge

that this specification makes strong assumptions about real-world noise structures, it
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allows analytical tractability while capturing qualitatively important features observed in

alternative noise models (appendices 3.8.3, 3.8.4).

Applying the Fisher-Pry substitution ft := − log(L/Yt − 1) yields:

ft = k(t− t0) + σϵt. (3.6)

This linearized form enables parameter estimation via ordinary least squares (OLS) regres-

sion once L is known. However, when L is unknown—as in forecasting applications—we

must jointly estimate all parameters θ = {L, k, t0, σ} by minimizing:

θ̂ = arg min
L,k,t0,σ

∑
t∈T

[ft(L)− k(t− t0)]
2 (3.7)

where T denotes the observation window and ft(L) = − log(L/Yt − 1).2 This optimization

is well-specified for the noise model in equation 3.5, yet as we demonstrate in Section 4, it

produces systematically biased parameter estimates when only early-stage diffusion data

are observed. At very early diffusion stages, the optimization landscape exhibits a flat

ridge where multiple parameter combinations produce nearly identical objective function

values (appendix 3.6.5), contributing to high parameter uncertainty.

3.1.2 Theoretical framework for parameter bias

Understanding why bias occurs requires examining the interplay between observable data

and parameter identification. When fitting S-curves to early-stage data, the optimization

in equation 3.7 faces a fundamental challenge: multiple parameter combinations can

produce similar fit quality over limited observation windows, yet these combinations imply

dramatically different long-term forecasts.

2See appendix 3.6.2 for analytical expressions.
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The identification problem. At early diffusion stages, only the initial exponential

growth phase is visible. Data cannot distinguish between a small asymptote with fast

growth versus a large asymptote with slow growth—both produce similar curvature over

short horizons. This identification problem becomes more severe as observation windows

shrink. The asymptote L determines the eventual saturation level but affects near-term fit

quality weakly, leading to large uncertainty.

In contrast, the growth rate k is identified primarily from the slope of the linearized

Fisher-Pry transform (eq. 3.6), which early-stage data can estimate reliably. Similarly,

the noise parameter σ is determined by residual variance, which accumulates quickly even

with limited observations. This differential identification explains why k and σ remain

approximately unbiased while L and t0 exhibit substantial bias (Results, Section 4.1).

Parameter coupling in joint estimation. The Fisher-Pry transformation ft(L) =

− log(L/Yt − 1) creates nonlinear coupling among parameters. When the optimization

algorithm explores parameter space, underestimating L makes the denominator L/Yt − 1

smaller, which increases ft for given data Yt. To maintain fit quality, the optimization

compensates by adjusting k upward and t0 downward, preserving the linear relationship

ft ≈ k(t− t0) over the observed window.

This coupling means that while individual parameter estimates may be biased, their

joint behavior produces reasonable in-sample fit. The bias manifests primarily in out-of-

sample forecasts, where underestimated asymptotes lead to systematic underestimation of

long-term adoption. Appendix 3.6.3 provides analytical characterization of these parameter

relationships.

Scale-invariance and its implications. The Fisher-Pry noise model (eq. 3.5)

possesses a crucial scale-invariance property: multiplying both L and Yt by a constant

factor leaves the Fisher-Pry transform ft(L) = − log(L/Yt − 1) unchanged. This implies
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that bias patterns depend on the relative position within the S-curve (measured by Q(t)/L)

rather than absolute values of L or Yt.

This scale-invariance enables our debiasing methodology (Methods, Section 3.2). We

can characterize bias using simulations with arbitrary asymptote values, provided we match

the growth rate k, noise level σ, and observation window. This property fails for additive

noise models Yt = Q(t) + σϵt, where absolute scale matters, explaining why our debiasing

method cannot be straightforwardly extended to such specifications.

3.2 Methods

3.2.1 Simulation design

S-curves model diffusion trajectories well when fitted after the inflection point [269]. Van

den Bulte and Lilien [18] documented that parameter estimates from S-curve models can

exhibit systematic bias when applied to limited early-stage data. To characterize this bias

systematically and develop correction procedures, we simulate diffusion processes with

known parameters and estimate from finite samples. We generate synthetic time series

following the Fisher-Pry data-generating process (eq. 3.6), which has additive Gaussian

noise in the logit transformed space,

ft = k(t− t0) + σϵt, ϵt ∼ N(0, 1) (3.8)

where the observed data in levels is Yt = L/(1+exp(−ft)). We use true parameters L = 104,

k = 0.3 year−1, t0 = 0, noise level σ = 0.1, and sample size m = 50 observations at annual

frequency from t = −25 to t = 24. These baseline parameters represent moderate-speed

diffusion over a 50-year observation window (see appendix 3.7.1 for complete configuration

details). To examine real-world data addition scenarios where new observations arrive
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sequentially (e.g., annual updates), we also analyze bias patterns when keeping the starting

point constant while adding data forward in time (appendix 3.7.4), finding similar bias

patterns.

For each replication, we estimate parameters via the optimization in equation 3.7. We

analyze bias as a function of diffusion progress by computing estimates across observation

windows ending at different diffusion levels: Q(tm)/L ∈ [0.01, 0.95]. Since the logistic

function depends only on normalized time (t − t0) and diffusion proportion Y/L, bias

patterns are determined by the observation window relative to the inflection point rather

than absolute parameter values (appendix 3.6.4). This property allows characterizing bias

using arbitrary (L, t0) values. We conduct 10,000 replications per window to precisely

estimate bias and variance.

Section 4 presents three main sets of results: (1) core bias patterns under well-specified

Fisher-Pry estimation with the baseline parameters above (Section 4.1), (2) model misspec-

ification when non-linear least squares (NLLS) is applied to Fisher-Pry data (Section 4.2),

and (3) robustness of bias patterns across alternative noise structures—Fisher-Pry, additive,

and multiplicative—demonstrating that systematic bias arises from S-curve geometry rather

than specific model assumptions (Section 4.3). Additional robustness checks appear in

the appendix: sensitivity to noise levels (σ ∈ {0.05, 0.10, 0.20}, appendix 3.11.1), sample

sizes (m ∈ {20, 50, 100}), and alternative functional forms (Gompertz, appendix 3.8.1),

with comprehensive NLLS misspecification analysis (appendix 3.9.1). We use k = 0.3 as a

representative moderate growth rate; while varying k primarily changes which diffusion

level is observed at fixed times, additional k-dependence may exist through curvature and

discretization effects (appendix 3.7.2).
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3.2.2 Debiasing algorithm

The systematic bias documented in Section 4 follows predictable patterns that enable

correction. We develop a parametric bootstrap debiasing procedure that exploits two key

empirical regularities: (1) growth and noise parameters remain approximately unbiased

across diffusion stages, and (2) bias in the asymptote depends primarily on the observation

window rather than specific parameter values. Algorithm 1 in appendix 3.10.1 provides

the complete pseudocode; appendix 3.10.1.2 details the simulation configuration; appendix

3.10.3 contains full mathematical proofs.

Our debiasing procedure operates in four stages. Given observed data {Yt}t∈T , we

first estimate θ̂(b) = {L̂(b), k̂(b), t̂
(b)
0 , σ̂(b)} using equation 3.7. We then use parametric

bootstrapping [270] to generate surrogate data with k(s) = k̂(b) and σ(s) = σ̂(b) across

different observation windows d ∈ D. Notably, we can use arbitrary fixed surrogate

parameters for the asymptote and inflection point, i.e., (L(s), t
(s)
0 ) = (104, 0),3 as the

Fisher-Pry noise model is scale-invariant.

For each window d and simulation i ∈ {1, . . . , N}, we generate surrogate data in the

Fisher-Pry transform space:

f
(s,i,d)
t = k(s)(t− t

(s)
0 ) + σ(s)ϵ

(s,i,d)
t , ϵ

(s,i,d)
t ∼ N(0, 1) (3.9)

with corresponding levels Y
(s,i,d)
t = L(s)/(1 + exp(−f (s,i,d)

t )). We then estimate θ̂(s,i,d) via

equation 3.7. We compute the mean bias factor for each window:

βL(d) = Ei

[
L̂(s,i,d)

L(s)

]
(3.10)

and the mean inflection point estimate t̄(s,d) = Ei[t̂
(s,i,d)
0 ].

Third, we identify which observation window the original data corresponds to by

3See appendix 3.10.3 for mathematical justification of why fixed surrogate parameters work.
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computing the relative time to estimated inflection point: t(b) = tm − t̂
(b)
0 , where tm

denotes the final observation time. We match this to the surrogate window that minimizes

|t(b) − t̄(s,d)|, denoted d∗. This matching exploits the systematic relationship between t(b)

and the observation window.

Finally, we debias the asymptote estimate as L̂ = L̂(b)/βL(d∗) and re-estimate remaining

parameters by OLS on the Fisher-Pry transform ft(L̂) = k(t− t0) + σϵt, conditional on

the debiased L̂. This secondary estimation step ensures consistency among all parameters

and leverages the conditional unbiasedness of k and t0 given a correct asymptote estimate.

Theoretical foundations. Three properties underpin the debiasing procedure’s valid-

ity. We provide intuitive explanations here; appendix 3.10.3 contains complete mathematical

derivations.

Property 1: Conditional unbiasedness of k and σ. Given correct asymptote L, OLS on

the Fisher-Pry transform (eq. 3.6) yields approximately unbiased estimates: E[k̂|L] = k,

E[σ̂|L] = σ. Joint estimation via equation 3.7 couples parameters—when L̂ is biased

downward, optimization compensates by adjusting k̂ and t̂0 (appendix 3.6.3). However,

empirical evidence (Section 4.1) shows k̂ and σ̂ exhibit minimal bias across diffusion stages

because they are determined primarily by slope and residual variance, which early-stage

data estimate reliably despite asymptote uncertainty.

Property 2: Scale-invariance of Fisher-Pry noise. The bias factor βL(d) = E[L̂/L] at

window d depends only on (k, σ, d), not on specific (L, t0) values. This allows character-

izing bias via surrogate simulations with arbitrary (L(s), t
(s)
0 ) provided we use estimated

(k̂(b), σ̂(b)). The Fisher-Pry transform’s ratio structure L/Yt creates scale-invariance in

L, while t0 shifts only translate time without changing relative S-curve positioning when

matching windows via t(b) = tm− t̂
(b)
0 . Additive noise models lack this property, preventing

straightforward method extension.
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Property 3: Window identification via inflection point. The inflection point estimate

t̂0 exhibits systematic bias depending on observed S-curve proportion. Computing t(b) =

tm− t̂
(b)
0 provides a sufficient statistic for bias regime identification without knowing true t0.

At early diffusion (5%), t̂0 ≪ t0 yields large positive t(b); as more curve is observed, t̂0 → t0

and t(b) → 0 (data ending near inflection) or negative (past inflection). Matching t(b)

to surrogate-based t̄(s,d) identifies window d∗ and corresponding correction factor βL(d∗),

proving robust even with noisy estimates.

3.2.3 Assumptions and limitations

The debiasing procedure requires approximately unbiased estimates of growth (k) and noise

(σ) parameters. While this assumption holds for moderate noise levels and sufficient data

(see Results, Section 4.1), it fails when high noise combines with sparse data. Combinations

like σ = 0.2 with m = 20 produce non-negligible bias in k and σ (see Results, Section 4.3).

Higher noise levels degrade initial parameter estimates (appendix 3.7.2), which propagate

through the debiasing procedure.

When optimization converges near parameter space boundaries, the procedure may

incorrectly adjust estimates away from true values. Performance can degrade at higher

noise levels (appendix 3.11.2.2).

The Fisher-Pry noise model’s scale-invariance property (appendix 3.10.3) is essential

but restrictive. Alternative noise structures, such as additive noise Yt = Q(t) + σϵt, lack

scale-invariance, creating a circularity: generating appropriate surrogate data requires

knowing the true L we aim to estimate. Moreover, additive noise produces extreme

variance at early diffusion (appendix 3.8.3), where median estimates remain downward

biased while outliers drive mean estimates upward. Since debiasing uses the mean bias

factor βL = E[L̂(s)/L(s)], these outliers may cause overcorrection, worsening rather than

improving estimates.
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3.3 Results

S-curve parameters are interdependent, such that estimation errors propagate across pa-

rameters.4 For example, underestimating the asymptote typically induces underestimation

of the inflection point. This section demonstrates how asymptote and inflection point bias

depends primarily on the proportion of the S-curve observed, while growth and noise param-

eter uncertainty decreases primarily with the number of data points. Through simulations,

we show that asymptote and inflection point parameters exhibit systematic downward

bias at early diffusion stages, while growth and noise parameters remain approximately

unbiased—a finding that persists across functional forms (logistic, Gompertz), noise speci-

fications (Fisher-Pry, additive, multiplicative), and estimation procedures (well-specified

OLS on Fisher-Pry transformation, misspecified NLLS).

3.3.1 Bias patterns: well-specified OLS versus misspecified

NLLS

We establish bias patterns by comparing well-specified Fisher-Pry estimation (OLS on

logit transformation) with misspecified non-linear least squares (NLLS) [134] applied

to Fisher-Pry noise data. Using 10,000 simulations with m = 50 data points and true

parameters L = 104, k = 0.3, t0 = 0, σ = 0.1, Figure 3.2 shows parameter bias and forecast

implications.

Both methods produce downward bias in asymptote and inflection point parameters at

early diffusion. At 5% diffusion, median L̂ ≈ 0.4L for OLS and L̂ ≈ 0.7L NLLS (Figures

3.2a, 3.2d), and median t̂0 ≈ t0 − 3 time-units (Figure 3.2b) and t̂0 ≈ t0 − 1 (Figure 3.2e).

Bias persists until 30-40% diffusion is observed. NLLS exhibits extreme variance. OLS

produces IQR [0.2L, 0.55L] while NLLS shows IQR [0.2L, 20L]. This model misspecification

4See appendix 3.6.3 for theoretical analysis of parameter relationships.
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makes NLLS unreliable for early-stage forecasting despite similar median bias. NLLS

also performs poorly when applied to other noise structures—for misspecification on

multiplicative noise data, see appendix 3.9.1.

In contrast, growth parameter k and noise parameter σ remain approximately unbiased

across all diffusion levels under well-specified estimation.5 This differential behavior is

fundamental: k and σ are identifiable from local curve properties (steepness and residual

variance), while L and t0 depend on observing the asymptotic regime.

(a) OLS: Asymptote bias (b) OLS: Inflection point bias (c) OLS: Forecast examples

(d) NLLS: Asymptote bias (e) NLLS: Inflection point bias (f) NLLS: forecast examples

Figure 3.2: Parameter bias and forecast implications: well-specified OLS (Fisher-Pry,
top row) versus misspecified NLLS (bottom row) applied to Fisher-Pry noise data. 10,000
simulations per condition, m = 50, L = 104, k = 0.3, t0 = 0, σ = 0.1. Red: median; black:
zero bias; blue: mean. (a,d) Bias in asymptote estimates. Both produce biased median
at 5% forecast origin, but NLLS exhibits IQR [0.20L, 20L] versus OLS on FP transform
[0.20L, 0.55L]—over 100-fold wider variance. (b,e) Inflection point: Both exhibit bias
in median but NLLS spans [−7, 10] versus OLS [−4,−2]. (c,f) Forecasts: OLS shows
systematic underestimation (median and mean similar); NLLS mean forecasts severely
overestimate due to occasional extreme parameter values.

At 5% diffusion, true t0 occurs 10 time-units after the last observation. Median estimate

5Sensitivity to noise levels (varied via σ ∈ {0.05, 0.10, 0.20} for fixed k = 0.3) and sample sizes
(m ∈ {20, 50, 100}) appears in appendix 3.11.1, showing bias patterns persist at higher noise levels
with increased variance, and variance decreases with more data points as expected. Appendix 3.11.2
presents detailed box plots showing how bias distributions change with σ.
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P50[t̂0] ≈ t0−3. places the inflection point 7 units ahead instead of 10, implying it occurs at

≈ 32% diffusion instead of 50%. Combined with P50[L̂] ≈ 0.4L, the 3-year underestimate

of inflection timing translates to nearly 3 years less exponential growth, producing forecasts

that track reality only to ≈ 20% diffusion before diverging (Figure 3.2c, red and blue lines

(middle set)). This provides statistical basis for Amara’s law [268]. Systematic estimation

bias causes forecasts to underestimate long-term diffusion when fitting early-stage data.

The extreme variance under NLLS manifests in forecasts (Figure 3.2f). Table 3.1 quan-

tifies this effect, comparing variance and bias under OLS and NLLS for the L asymptote.

3.3.2 Quantifying NLLS misspecification effects

Table 3.1 quantifies the variance under NLLS misspecification. At 5% diffusion, OLS and

NLLS produce median L̂ ≈ 0.4L and L̂ ≈ 0.7L. Notably, the NLLS median estimate is

slightly less biased than OLS at this diffusion level, but the normalized standard deviation

is more than 50-fold higher (0.35 vs 19.80).

Method Median L̂/L IQR L̂/L IQR Width
Well-specified OLS (FP) 0.4 [0.20, 0.55] 0.35
Misspecified NLLS 0.7 [0.20, 20] 19.80
Variance ratio - — > 50×

Table 3.1: Asymptote estimates at 5% diffusion: well-specified OLS versus misspecified
NLLS. Both underestimate in median; NLLS overestimates in mean. NLLS over 50-fold
wider interquartile range due to model misspecification (visible in Figures 3.2a vs 3.2d).
NLLS assumes homoskedastic errors in levels but Fisher-Pry data have homoskedastic
errors in logit space—this misspecification produces extreme variance while preserving
median bias.

The over 50-fold variance ratio has critical forecasting implications (Figures 3.2c vs 3.2f).

Under well-specified OLS, median and mean forecasts behave similarly (both underestimate

due to systematic parameter bias). Under NLLS, median forecasts underestimate while

mean forecasts severely overestimate because occasional extreme parameter estimates (e.g.,

L̂ = 50L) dominate the average. This offers an explanation for Baumgartner et al.’s [31]
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finding that NLLS applied to different segments of solar PV data produces highly variable

forecasts, and often underestimates long-term diffusion (median is downward biased at

early diffusion).

3.3.3 Robustness across noise models and functional forms

Bias patterns persist across alternative noise specifications. Figure 3.3 shows additive and

multiplicative noise models under well-specified estimation produce downward bias in L

and t0 comparable to Fisher-Pry results (Figure 3.2), persisting to 30-40% diffusion.6 This

robustness indicates the bias arises from fundamental S-curve geometry and observational

truncation rather than specific noise structure. Growth and noise parameters remain

approximately unbiased across all specifications.7

Alternative functional forms show similar patterns. Gompertz curves (asymmetric

S-curves with inflection at 37% rather than 50% of asymptote) exhibit a similar bias

relationship. The debiasing procedure can be extended to Gompertz curves with Fisher-Pry

noise (appendix 3.8.1, 3.10.4).

3.3.4 Debiasing procedure performance

We develop a parametric bootstrap debiasing method exploiting two properties: (1) growth

and noise parameters remain approximately unbiased at early diffusion, and (2) Fisher-Pry

noise exhibits scale-invariance under the logit transform (appendix 3.10.3). The procedure

simulates surrogate datasets using initial k̂ and σ̂ estimates, calculates empirical bias across

diffusion levels, then corrects original estimates.

Figure 3.4 shows debiasing performance across diffusion levels. All parameters achieve

6Additive noise: Y (t) = L/(1+e−k(t−t0))+σϵt estimated via NLLS with σ = 100. Multiplicative
noise: Y (t) = Leσϵt/(1 + e−k(t−t0)) estimated via NLLS on log Y (t) with σ = 0.25. See appendix
3.8 for detailed noise scaling explanation. Full model specifications and growth/noise parameter
bias analysis in appendices 3.8.3-3.8.4.

7The debiasing procedure can be extended to multiplicative noise models but not to additive
noise models, due to scale invariance requirements (appendix 3.10.4).
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(a) Asymptote bias (additive) (b) Asymptote bias (multiplicative)

(c) Inflection point bias (additive) (d) Inflection point bias (multiplicative)

Figure 3.3: Median parameter bias under well-specified estimation for additive (σ = 100)
and multiplicative (σ = 0.25) noise models. Both produce substantial downward bias
in (a-b) asymptote and (c-d) inflection point at early diffusion stages, with magnitude
comparable to Fisher-Pry results (σ = 0.1, Figure 3.2). Each line represents median of
10,000 simulations with m = 50 data points, L = 104, k = 0.3, t0 = 40. Noise parameters
calibrated to produce comparable noise magnitude at 10% diffusion (see appendix 3.8).
Growth and noise parameters remain approximately unbiased across all specifications. See
appendices 3.8.3-3.8.4 for comprehensive analysis including variance, all parameters, and
NLLS performance.

approximate median unbiasedness, though asymptote and inflection point bias varies

slightly at very early diffusion (1-5%). At 5% diffusion, debiased median P50[L̂] ≈ L

versus 0.4L before debiasing, with IQR widening from approximately [0.2L, 0.55L] to

approximately [0.6L, 1.25L]. Median and mean forecasts track the true S-curve well (Figure
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3.4e), after debiasing.8 The method requires correct specification of the noise-generating

process and scale-invariant noise structure, limiting applicability to cases where these

assumptions hold.

(a) Debiased L̂ (b) Debiased t̂0

(c) Debiased k̂ (d) Debiased σ̂
(e) Debiased forecast

Figure 3.4: Parameter estimates after debiasing procedure. 1,000 simulations, m = 50
data points, L = 104, k = 0.3, t0 = 0, σ = 0.1. (a-b) Asymptote and inflection point
achieve median unbiasedness across all diffusion levels, with increased variance at early
stages. (c-d) Growth and noise parameters maintain approximate unbiasedness. (e)
Median (red) and mean (blue) forecasts track true S-curve (black) well.

3.3.5 Applications to renewable energy and electric vehicles

Renewable energy forecasts have consistently underestimated actual deployment [24, 28, 29].

Recent projections indicate that the COP28 pledge of tripling renewable capacity by 2030

is not achievable [66]. The International Energy Agency (IEA) projected 6,699 GW of solar

PV capacity by 2030 in its 2023 Net Zero Scenario [271] (approximately 3-4 times 2024

8Performance degrades at higher noise levels (σ = 0.2 with k = 0.3) due to increased variance in

initial k̂ and σ̂ estimates. See appendix 3.11.2.2 for detailed analysis. Appendix 3.10.2 demonstrates
that when true k and σ are known (rather than estimated), the procedure achieves improved
debiasing even at σ = 0.2 across all diffusion levels. This establishes that the limitation stems from
estimation uncertainty in these parameters, not fundamental method failure.
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levels). Similarly, the IEA EV projections have required repeated upward revisions, with

their 2023 forecast of 23% global sales share in 2024 achieved one year early [262, 264, 265].

EV adoption has accelerated rapidly, though projections disagree on sustainability

[266, 272]. Challenges include charging infrastructure gaps, battery supply constraints,

and supply chain bottlenecks [273, 274]. Standard projections suggest EV share of sales

may fall short of IEA’s 2030 net-zero target (65% of new sales) [265], while recent analyses

project 62-80% by 2030 [267, 272].

We apply our debiasing method to solar PV capacity and EV adoption data (Figure

3.5), illustrating how correcting for estimation bias affects technology feasibility assessments.

These applications demonstrate the methodology rather than provide definitive forecasts.

(a) Solar PV capacity (b) EV share of new sales (c) EV share of fleet

Figure 3.5: Debiased projections for solar PV and electric vehicles. (a) Solar PV capacity
could reach over 9,000 GW by 2030 (5× 2024 levels). Combined with other renewables
at 2024 capacity (2,726 GW), the total would exceed the COP28 tripling target (11,450
GW) by 311 GW. Data: Solar capacity 1975-2024 [30, 275, 276], Wind-capacity [277],
geothermal [278], bio-energy [279] and hydropower capacity [280]. (b) EV new sales could
reach ∼70% by 2030, exceeding IEA net-zero target (65%). (c) EV fleet could reach
>25% by 2030, versus IEA 22%. Norway’s trajectory demonstrates feasibility but required
extensive policy support. Data: 2010-2024 [264].

Table 3.2 compares debiased projections with IEA scenarios and historical precedents.

Solar PV projections using 1975-2024 data suggest capacity could quintuple by 2030,

supporting the successful achievement of the COP28 tripling targets [281] when combined

with other renewables. EV projections using 2010-2024 data suggest sales share could reach
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70% by 2030, exceeding net-zero scenarios. Norway’s rapid EV adoption (22% to 80%

sales share, 2015-2021)[264] demonstrates feasibility under strong policy support, though

conditions may not generalize globally. Similarly, the proportion of EV in the total fleet

could surpass 25% by 2030, exceeding IEA’s 22% target [265]. The debiased projection

suggests a more optimistic outlook for renewable energy and EV adoption than standard

estimates, with EV projections aligning with recent analyses [267, 272], following Norway’s

precedent [264].

Technology 2024 Level Debiased 2030 IEA Target Assessment

Renewable Capacity (GW)
Solar PV 1,852 9,035 6,699 Exceed by 2,336
Other renewablesb 2,726 2,726 — —
Total renewables 4,578 11,761 11,450a Exceeds by 311

Electric Vehicles
Sales share (%) ∼ 20 ∼70 65c Exceeds net-zero
Fleet share (%) ∼ 5 >25 22d Above scenarios

Table 3.2: Debiased 2030 projections compared to IEA scenarios. aCOP28 target: triple
2022 renewables (11,450 GW total) [281]. bWind (1,133 GW), hydropower (1,427 GW),
bioenergy (151 GW), geothermal (15 GW) held at 2024 levels—conservative assumption as
wind and others may also grow. cNet Zero Scenario target [265]. d Net Zero (22%) [265].
Norway achieved 80% sales share (2021) from 22% (2015), demonstrating feasibility under
strong policy support. Data sources: solar [30, 275, 276], wind [277], hydropower [280],
geothermal [278], bioenergy [279], EV [264].

The empirical data present substantial challenges for validation. Solar PV uses 50

annual observations (1975-2024) with estimated noise σ̂ ≈ 0.52. Sensitivity analysis

(appendix 3.11.1) shows that at σ = 0.5 bias patterns and variance patterns change. In

this regime, appendix 3.11.2.2 shows debiasing performance degrades (but generally still

reduces bias) at low diffusion levels despite adequate sample size for higher noise levels.

Hence, these projections carry considerable uncertainty. Nonetheless, these projections

provide useful guidance for a 6-year forecast horizon (2024-2030) as is our interest here,

indicating solar is on a continued rapid growth trajectory for the near future. Furthermore,

it highlights the risk of underestimation using S-curve models and the need for more robust

forecasting methods to mitigate this risk.
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EV sales share and fleet share use only 15 observations (2010-2024) with σ̂ ≈ 0.42

and σ̂ ≈ 0.36, respectively. The combination of limited sample size (m = 15 for EV) and

high noise levels (σ̂ ≈ 0.4 − 0.5) makes it difficult to determine the true validity of the

debiasing method for these applications. Furrthmore, substantial uncertainty from policy

shifts, technological disruptions, supply chain constraints, grid integration challenges, and

validity of Fisher-Pry noise assumptions for real data may limit accuracy. These projections

illustrate methodology under favorable trend continuation.

3.4 Discussion

Our findings reveal a fundamental statistical mechanism underlying persistent pessimism in

technology forecasting. The systematic underestimation of long-term adoption in S-curves

may emerge from inherent properties of nonlinear parameter estimation when applied to

incomplete diffusion trajectories. This has important implications for how we interpret

historical forecasting failures and structure future projection efforts.

Statistical reinterpretation of Amara’s law. Standard S-curve estimation at

early diffusion produces forecasts that slightly overestimate near-term adoption while

substantially underestimating long-term potential, matching Amara’s law [268]. This

pattern emerges from the statistical properties of nonlinear estimation: upward-biased

growth estimates combined with downward-biased asymptote and inflection point estimates.

The effect persists across well-specified and misspecified models, suggesting forecasting

failures stem partly from fundamental estimation challenges rather than solely inadequate

models. These statistical biases may help explain historical scientific pessimism about

long-run technology adoption [282], complementing cognitive explanations of Amara’s

law. This helps explain persistent underestimation of renewable energy and EV adoption

[24, 29, 184].
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Implications for technology governance and policy. The documented bias

has concrete implications for technology governance and investment. Way et al. [29]

demonstrate that IEA forecasts have consistently underestimated solar and wind adoption,

leading to policy recommendations favoring slower transitions. Similarly, Gilbert et al.

[217] show that US projections were consistently pessimistic for wind electricity adoption.

Our analysis provides a methodological explanation for these systematic errors: standard

S-curve estimation produces downward-biased forecasts when applied to early-stage S-

curve diffusion processes, such as renewable technologies. When such forecasts inform

long-lived infrastructure decisions (power plants, transmission lines, refining capacity),

initial underestimation creates path dependencies that slow adoption rates [283]. Thus,

accounting for estimation bias is beneficial when evaluating transition scenarios. This

matters for climate policy adequacy assessments, where the difference between pessimistic

and bias-corrected projections affects conclusions about whether current policies suffice to

meet climate targets.

Limitations and applicability. These results should inform rather than determine

policy and investment decisions. The debiasing method requires three conditions: (1)

approximately unbiased estimates of k and σ, (2) scale-invariant noise structure (such as

additive noise under the FP transform), and (3) data following S-curve dynamics without

structural breaks. The method may fail to fully eliminate bias when high noise is combined

with sparse data. For example, this occurs for combinations like σ = 0.2 with m = 50

(appendix 3.11.2.2).

The scale-invariance property (appendix 3.10.3) of the Fisher-Pry noise model is

essential for the debiasing procedure, but restrictive. Alternative specifications like additive

noise Yt = Q(t) + σϵt lack scale-invariance, making the debiasing method circular. In

such a case, generating appropriate surrogate data requires knowing the true L we aim to
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estimate. Moreover, additive noise produces extreme variance at early diffusion (appendix

3.8.3). While we examine multiple noise specifications (appendices 3.8.1, 3.8.3, 3.8.4), non-

Gaussian distributions may exhibit different patterns. Real-world applications assume data-

generating processes resemble our simulated model and involve policy interventions, supply

chain constraints, and market dynamics absent from this framework. Our applications

demonstrate methodology rather than provide definitive forecasts. When these conditions

hold, noise remains moderate, and there are sufficient data-points, accounting for estimation

bias can meaningfully improve feasibility assessments.

Future research directions. Several extensions would strengthen this work. Fully

characterizing debiasing feasibility as a function of noise level (σ), sample size (m), and

growth parameter (k) would establish practical applicability boundaries. Developing robust

diagnostics to identify when debiasing assumptions fail would enable practitioners to

assess applicability to specific datasets. Exploring bias patterns under non-Gaussian noise

distributions and extending the framework to non-scale-invariant models would broaden

practical utility. Investigating how external factors, such as policy interventions or market

dynamics, interact with statistical bias would better connect our simplified framework to

real-world complexities. Comparing debiasing performance against alternative forecasting

methods (Bayesian approaches, ensemble models, machine learning) would contextualize its

relative strengths, while systematic application to historical datasets where true saturation

levels are known would validate real-world performance.

More broadly, improving S-curve forecasting requires addressing both statistical and

structural challenges. Statistical improvements should focus on more robust forecast

techniques for S-curves [31]. Structural improvements include incorporating economic

constraints, infrastructure bottlenecks, or modeling policy shifts, which could help forecast

technological diffusion in the real world, where the curve may deviate from the idealized
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S-curve. Neither approach alone suffices; progress requires integrating statistical rigor with

domain expertise about specific technologies and markets.

3.5 Conclusions

This paper demonstrates that systematic bias in S-curve estimations and projections is not

an artifact of model misspecification but a fundamental property of nonlinear parameter

estimation applied to incomplete diffusion trajectories. Asymptote and inflection point

parameters are consistently underestimated across functional forms and noise specifications,

creating forecasts that underestimate long-term adoption. Our analysis offers a statisti-

cal reinterpretation of Amara’s law, offering an explanation for historically pessimistic

technology projections.

These findings have broad implications for technology forecasting and policy analy-

sis. Any application fitting sigmoid curves to early-stage diffusion, ranging from energy

transitions, AI adoption, epidemic spreading, faces this systematic bias. For energy transi-

tions specifically, such underestimation may have consequences for infrastructure planning,

investment allocation, and climate policy adequacy assessments. The bias provides a

statistical explanation for the persistent underestimation of renewable energy adoption

documented in prior studies [29, 217].

We develop a debiasing methodology that corrects this bias under specific conditions.

The method performs well when noise structures are well-characterized and data follow

idealized diffusion dynamics, but degrades with high noise. Future research should clarify

applicability boundaries, refine forecasting techniques, and add robustness checks.
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Appendix

The following appendices provide additional details on S-curve derivations, parameter

estimation methods, and bias analyses across different models and noise specifications.

Appendices are organized as: Part A establishes theoretical foundations; Part B presents

baseline Fisher-Pry results; Part C analyzes alternative S-curve and noise models; Part

D examines NLLS misspecification across noise structures; Part E details the debiasing

method; Part F examines sensitivity to observation count and noise level. Code is available

in s curves bias.ipynb for replication and further analysis.

3.6 Theoretical Foundation

3.6.1 Deriving the logistic curve

Starting from the generalized logistic differential equation, described in eq. 3.1 as

dQ(t)

dt
= kQ(t)α

[
1−

(
Q(t)

L

)β
]γ

. (3.11)

When α = β = γ = 1, we derive the logistic differential equation

dQ(t)

dt
= kQ(t)

[
1− Q(t)

L

]
. (3.12)

By separation of variables, we derive the analytical solution

Q(t) =
L

1 + Ae−kt
, (3.13)
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where A is some constant depending on an initial condition. Assume that A has the

following form

A = ekt0 . (3.14)

Then A defines a shift in the curve, relative to the point of maximum growth (the inflection

point), which occurs at t = t0 (where d2Q(t)/dt2 = 0). Thus, t0 is the inflection point of

the S-curve. Substituting eq. 3.14 into eq. 3.13, we derive the standard expression for the

3-parameter symmetric logistic equation,

Q(t) =
L

1 + e−k(t−t0)
. (3.15)

3.6.2 OLS estimator of the S-curve

Let ft(L̂) be the FP transform of a time series, Y (t), conditional on some L̂. Hence, for a

given L = L̂ the remaining parameter estimates can be written as functions of L. That is

k̂ =
m∑
t=0

(
t− t̄

)(
ft(L̂)− f̄t(L̂)

)∑m
t=0

[
t− t̄

]2
t̂0 =

−1

k̂

[
f̄t(L̂)− k̂t̄

]
σ̂ =

√√√√ 1

m− 1

m∑
t=0

[
ft(L̂)− k̂(t− t̂0)

]2
,

(3.16)

where k̂, t̂0, and σ̂ are the OLS estimates for k, t0, and σ, respectively; ·̄ denotes the mean.

We estimate L̂ by minimizing sum of squared residuals:

θ̂ = min
L̂,k̂,t̂0

(∑
t

[
ft(L̂)− k̂(t− t̂0)

]2)

for θ̂ = {L̂, k̂, t̂0}, where f is the FP transformation.

75



Bounds for the optimization. max(Yt)× 1.001 ≤ L̂ ≤ 106. Lower bound ensures

valid S-curve and numerical stability in FP transform ft(L) = − log(L/Yt − 1). Upper

bound allows 100× overestimation (true L = 104), preventing unrealistic extrapolations.

3.6.3 The relationship between S-curve parameters

It follows from eq. 3.6 that if the asymptote is approximately known, such that the estimate

L̂ ≈ L, using the OLS estimators, k̂ ≈ k and t̂0 ≈ t0. Define the F-P transformation using

L̂, on data Qt as

Ft(L̂) := − log

[
L̂

Qt
− 1

]
= − log

[
L̂

L
− 1 +

L̂

L
e−k(t−t0)

]
. (3.17)

where Ft is the Fisher-Pry transformation as defined in eq. 3.6 for σ = 0. 9

How does the asymptote estimate affect the inflection point estimate?

Let α := L̂
L and c := α− 1. Substituting these into eq. 3.17, the F-P transform becomes

Ft(L̂) = − log
[
c + αe−k(t−t0)

]
.

To see the effect of L̂ ≠ L on t̂0, assume t << t0, as is the case when estimating parameters

based on early diffusion levels. Then c≪ αe−k(t−t0), and hence

log
[
c + αe−k(t−t0)

]
≈ log

[
αe−k(t−t0)

]
= −k(t− t0) + logα.

By rearranging the right hand side, the OLS estimate for the inflection point parameter

will be

t̂0 = t0 +
logα

k̂

9One can confirm that the results presented here hold for all noise models presented in the
paper.
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where k̂ > 0. Thus, when L̂ > L, α > 1 and thus t̂0 > t0, and vice versa when L̂ < L.

This agrees with the intuition that when one overestimates the asymptote one should also

overestimate the inflection point.

How does the asymptote estimate affect the growth parameter estimate?

The estimate for the intrinsic growth rate, k̂, is the slope of the F-P transformation; i.e.

the time-derivative of the F-P transformation. That is, the parameter estimate for k,

conditional on some estimate L̂, is

k̂ :=
dFt(L̂)

dt
=

ke−k(t−t0)

1 + e−k(t−t0) − L
L̂

. (3.18)

Let

β :=
e−k(t−t0)

e−k(t−t0) + 1− L
L̂

.

In the case where L̂ > L, 1 − L
L̂
> 0 and thus β < 1, meaning that k̂ < k. Similarly, if

L̂ < L, β > 1, meaning that k̂ > k.

The F-P transform is not always linear. Lastly, we analyze the behavior of the

F-P transform under some estimate L̂. That is, we analyze the second derivative of the

F-P transform using an estimate for the asymptote. That is,

d2Ft(L̂)

dt2
= −

(
1− L

L̂

)
k2 exp (−2k(t− t0))

(exp (−k(t− t0)) + 1− L/L̂)2

Note that (
e−k(t−t0) + 1− L/L̂

)2
> 0

and

k2e−2k(t−t0) > 0.
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for all L̂, k and t0. Thus, to determine the behavior of the second derivative of the F-P

transform we need only analyze

−c =

(
1− L

L̂

)
.

Then, we can quickly confirm that when L̂ ≈ L,

d2Ft(L̂)

dt2
≈ 0

meaning the F-P transformation is approximately linear and thus a OLS regression will

generate approximately unbiased estimates for the remaining parameters. Similarly, when

L̂ > L or L̂ < L the F-P transform will be concave down and convex respectively. This

result provides intuition as to why we expect k̂ > k for L̂ < L, and vice versa for L̂ < L.

Take a small proportion of the s-curve and assume L̂ < L, such that the F-P transform

is concave. Thus, when fitting an OLS regression to estimate the slope k̂, you will over-

estimate the growth parameter in the mean/median. The opposite will be the case when

L̂ > L, in which case you will underestimate the slope as the F-P transform is convex.

3.6.4 Mapping two S-curves to one another

Consider two time series, Y (t)(1) and Y (t)(2) where all parameters are arbitrary.10 Assume

we are interested in the diffusion level for E
[
Y (t)(1)

]
at some time t1. Then the adoption

level at time t1 is

E
[
Y (t1)

(1)
]

L(1)
=

1

1 + exp (−k(1)(t1 − t
(1)
0 ))

.

We can find a time t2 such that

E
[
Y (t1)

(1)
]

L(1)
=

E
[
Y (t2)

(2)
]

L(2)
.

10Note that E[σ(·)ϵ
(·)
t ] = 0 ∀ t for · ∈ {1, 2}.
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The equality holds when

t2 :=
k(1)

k(2)

(
t1 − t

(1)
0

)
+ t

(2)
0 .

Then the time t2 is the time for time series Y (t2)(2) that corresponds to the mean adoption

level for Y (t1)
(1).

3.6.5 The optimization landscape at early diffusion

To understand the difficulty associated with estimating parameters of the logistic curve at

early diffusion stages, we visualize the objective function from eq. 3.7 as a 3D surface over

the parameter space. Figure 3.6 shows the sum of squared residuals as a function of (L, t0)

conditional on k = 0.30 for two observation windows. The flat ridge in the early-diffusion

(a) Sum of squared residuals at tm − t0 = −5
(approximately 10% diffusion).

(b) Sum of squared residuals at tm − t0 = 5
(approximately 75% diffusion).

Figure 3.6: Optimization function as a function of L and t0 conditional on k = 0.30 for a
time series with parameters {104, 0.3, 0, 0.1}. Red dots indicate the position of the true
parameter values. (a) At early diffusion (tm − t0 = −5), the objective function exhibits a
flat ridge where multiple (L, t0) combinations produce nearly identical fit quality, making
parameter identification difficult. (b) At later diffusion (tm−t0 = 5), the objective function
becomes sharper around the true values, enabling more precise parameter estimation.

landscape (Figure 3.6a) demonstrates why parameter estimates exhibit high variance and

systematic bias. Multiple parameter combinations along this ridge produce nearly identical

sum of squared residuals, preventing the optimization from reliably identifying the true
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values. As more of the S-curve is observed (Figure 3.6b), the objective function develops a

sharper minimum near the true parameters, substantially improving estimation quality.

3.7 Baseline Fisher-Pry Results

3.7.1 Simulation configuration

Define the parameters, θ = {L, k, t0, σ} as

θ = {104, 0.3, 0, 0.1}.

for the number of observations

m = 50

and number of simulations

N = 10,000.

for each

T ∈ [t0 − 15, t0 + 15]

where T is the time of the last observation such that the first data point is observed at

time T −m.

3.7.2 Potential dependence of bias on growth rate

All simulations use baseline k = 0.3 year−1. Varying k with fixed observation times

implicitly changes diffusion levels reached, so our results across diffusion proportions may

partly capture effects of varying the growth rate. However, our approach (varying diffusion

with fixed k) may not fully capture direct k-dependence through two competing effects: (1)

curvature and signal strength: higher k produces steeper curves with stronger curvature.
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For example, the logistic second derivative at inflection point d2Q(t=t0)
dt2

= k2L/4 scales with

k2, providing more distinguishable asymptotic information; (2) temporal discretization -

higher k reduces the samples per given diffusion level (i.e. temporal scale) by (1/k). That

is, a higher k provides less data per given diffusion level. For k < 1, the 1/k will have a

stronger effect than the curvature benefit (∝ k2), suggesting higher k for 0 < k < 1 may

increase estimation difficulty. Systematic investigation of k-dependence remains future

work.

3.7.3 Baseline bias in growth and noise parameters

Growth parameter k and noise parameter σ remain approximately unbiased under well-

specified FP estimation (main text focuses on L, t0 bias), although deviations exist (Figure

3.7): baseline conditions θ = {104, 0.3, 0, 0.1}, m = 50, 10,000 replications.

(a) FP: Growth parameter (b) NLLS: Growth parameter (c) FP: Noise parameter

Figure 3.7: Well-specified FP estimation produces approximately unbiased k (a) and σ
(c) estimates, with median within 1% of true values across all diffusion levels. Misspecified
NLLS applied to FP noise data (b) also produces approximately unbiased k estimates,
validating robustness for debiasing. NLLS σ not shown—misspecified model does not
estimate σ as defined in the surrogate DGP (eq. 3.5).

FP produces low-bias k and σ while L and t0 are biased (main text). k transitions from

slight upward to slight downward bias due to parameter interdependence (appendix 3.6.3).

Critically, NLLS on FP data also produces approximately unbiased k. NLLS estimate for

σ is not shown (misspecified model doesn’t estimate σ from true DGP).
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3.7.4 FP noise model keeping starting point constant

Figure 3.8 shows bias in parameters estimates with m = 50 datapoints at starting point,

adding one observation at a time (θ = {104, 0.3, 0, 0.1}, 10,000 simulations). Patterns are

visually similar to constant m = 50 (main text), confirming diffusion proportion is primary

bias determinant. Bias in L and t0 are limited to ¡25% diffusion. Variance decreases faster

than for constant m = 50, particularly for k (Figure 3.8c). This is expected, as more

observations reduce variance.

(a) Asymptote bias (b) Inflection point bias

(c) Growth parameter bias (d) Noise parameter bias
(e) Forecast example

Figure 3.8: Adding observations forward from m = 50. Bias patterns confirm diffusion
proportion dominates. Variance decreases with more observations.

3.8 Alternative S-Curve and Noise Models

Noise parameter scaling across models. Table 3.3 shows noise magnitudes at

10% diffusion for different models.

Fisher-Pry noise operates in logit space: ft = k(t−t0)+σϵt where ft = − log(L/Yt−1).

The noise is constant in logit space but varies in levels, growing to maximum at the inflection
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Noise Model σ value Noise at 10%
diffusion (Y = 1000)

Fisher-Pry 0.1 ±10% (±100)
Additive 100 ±10% (±100)
Multiplicative 0.25 ±28% (±280)

Table 3.3: Noise magnitude (for ϵt = ±1) at 10% diffusion across noise models.

point. Well-specified estimation uses OLS on the Fisher-Pry transformation.

Additive noise operates in levels: Y (t) = L/(1 +e−k(t−t0)) +σϵt, with constant absolute

noise (±100)—homoskedastic in levels. At 10% diffusion, this gives ±10% relative variation,

matching Fisher-Pry magnitude. Well-specified estimation uses NLLS directly on levels.

Multiplicative noise Y (t) = Leσϵt/(1 + e−k(t−t0)) produces proportional errors. Well-

specified estimation: NLLS on log Yt. Unlike Fisher-Pry OLS, multiplicative NLLS com-

putes log Yt independently of parameters. With σ = 0.1, this produces approximately

unbiased estimates at early diffusion. We use σ = 0.25 to demonstrate comparable

underestimation, showing bias arises from S-curve geometry not estimation procedures.

3.8.1 The Gompertz curve

The Gompertz S-curve [11] is used in epidemic [80], cell biology [81], and population

dynamics [59] models. It is defined as

Q(t) = L exp (− exp (−k(t− t0)))

where Q(t) is the diffusion, L is the asymptote, k is the growth rate and t0 the inflection

point. The Gompertz curve has an inflection point at approximately 37% diffusion.

Gompertz noise model. Noise model:

Y (t) = L exp (− exp (−k(t− t0) + σϵt)), ϵt ∼ N (0, 1).

83



Transformation − log log (L/Y (t)) = k(t− t0)− σϵt enables OLS estimation. Parameter

relationships mirror logistic: L̂ > L ⇒ k̂ < k, t̂0 > t0. This noise specification preserves

scale invariance analogous to the logistic Fisher-Pry case, so the debiasing procedure

(appendix 3.10.4) can be adapted to the Gompertz curve by generating surrogate data

from the Gompertz DGP with this noise structure.

3.8.2 Bias in the parameter estimates

We test parameter estimates for

θ = {104, 0.3, 40, 0.1}

with 1,000 simulations for constant m = 50 across the observation window (i.e. shifting

the starting point when increasing last observed diffusion level). Figure 3.9 shows bias in

all parameters and examples mean and median forecasts at approximately 2, 5, and 10%

observed diffusion. Bias patterns are similar to the logistic case in the main paper, with

systematic underestimation of L and t0 at early diffusion levels. Winsor [269] documented

that the Gompertz curve exhibits estimation challenges at early diffusion stages, consistent

with our findings. Bias is confined to < 20% diffusion, which is less than the case shown in

the main text for the logistic. This may be due to different model structures. Bias behaviour

is similar. For both mean and median L and t0 are underestimated at early diffusion,

while k is marginally but negligibly overestimated, and σ near-unbiased throughout. This

translates into underestimated point forecasts in mean and median.
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(a) Asymptote bias (b) Inflection point bias

(c) Growth parameter bias (d) Noise parameter bias

(e) Forecast example

Figure 3.9: Gompertz bias under Fisher-Pry noise. Mean (blue) and median (red).
(a) Asymptote and (b) inflection point are downward biased before ∼10% diffusion. (c)
Growth and (d) noise parameters remain near-unbiased throughout. (e) Forecast examples
at 2, 5, and 10% diffusion

3.8.3 Additive noise model

An additive noise model for the logistic curve is

Y (t) =
L

1 + exp (−k(t− t0))
+ σϵt

where ϵt ∼ N (0, 1) and other parameters are as defined previously. A well-specified

estimator is NLLS on Yt. We run 10,000 simulations with θ = {104, 0.3, 40, 100}, starting

at m = 50 and adding one point at a time. Bias in L and t0 shown in main text (Figure

3.3).

Growth and noise parameter bias. Figure 3.10 shows bias in k and σ under

additive noise with σ = 100. Constant absolute noise becomes relatively larger at early/late

diffusion, creating higher k variance than Fisher-Pry (where noise scales with signal). σ
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(a) Bias in the growth parameter (b) Bias in the noise parameter

Figure 3.10: Additive noise with well-specified NLLS and σ = 100 (calibrated to match
Fisher-Pry noise magnitude at 10% diffusion). k shows upward bias with increased variance
at early diffusion; σ remains approximately unbiased. The heteroskedastic error structure
affects variance at early diffusion where relative noise is higher.

estimates remain approximately unbiased; variance ±7.5 (±7.5%) constant across diffusion.

3.8.4 Multiplicative noise model

A multiplicative noise model is

Y (t) =
L exp (σϵt)

1 + exp (−k(t− t0))

where ϵt ∼ N (0, 1) and other parameters are as defined previously. Well-specified estimation

uses NLLS on log Y (t). We run 1,000 simulations with θ = {104, 0.3, 40, 0.25}, starting at

m = 50 and adding one point at a time. We use σ = 0.25 rather than σ = 0.1 because

multiplicative noise with lower σ and well-specified estimation produces approximately

unbiased parameter estimates even at early diffusion, making it difficult to demonstrate

the systematic underestimation phenomenon. Bias in L and t0 are shown in main text

(Figure 3.3).
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Growth and noise parameter bias. Figure 3.11 shows bias in k and σ under

multiplicative noise with σ = 0.25. σ = 0.25 produces comparable underestimation; L and

(a) Bias in the growth parameter (b) Bias in the noise parameter

Figure 3.11: Multiplicative noise with well-specified NLLS on log Y (t) and σ = 0.25
(calibrated to show underestimation comparable to other noise models). Both k and σ
remain approximately unbiased throughout diffusion. The proportional error structure
provides stable estimation properties.

t0 median bias persists to 10-15% diffusion. k and σ approximately unbiased throughout

(well-behaved log-space error structure).

3.9 NLLS Misspecification

3.9.1 NLLS misspecification: poor performance across noise

models

This section complements the main text NLLS analysis (Figure 3.2) by examining NLLS

performance across all noise models. Figure 3.12 shows misspecified NLLS applied to

multiplicative noise data (10,000 simulations, θ = {104, 0.3, 40, 0.25}, m = 50), producing

biased L and t0 estimates with increased variance.

Misspecification produces increased variance due to heteroskedasticity mismatch. Well-

specified NLLS on additive (appendix 3.8.3) also exhibits bias at early diffusion.
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(a) Asymptote bias (b) Inflection point bias

(c) Growth parameter bias (d) Forecast example

Figure 3.12: Misspecified NLLS applied to multiplicative noise data. Median (red) and
mean (blue). Median bias persists until 10-25% diffusion. (a) Asymptote downward biased
in median, upward in mean at early diffusion. (b) Inflection point median downward
biased; mean shifts from downward to upward. (c) Growth parameter upward biased. (d)
Forecasts: median underestimates, mean overestimates.

3.10 Debiasing Methodology

3.10.1 Debiasing implementation

3.10.1.1 Algorithm pseudocode

For time-series Yt with m observations, Algorithm 1 implements the complete debiasing

procedure described in Section 3.2.
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Algorithm 1: Debiasing procedure for S-curve parameter estimates.

Input: Time-series Yt with m observations; surrogate parameter space
(k(s), σ(s),m,D) where D is the set of observation windows.

Output: Debiased parameter estimates θ̂ = {L̂, k̂, t̂0, σ̂}
θ̂(b) ← argminL̂,k̂,t̂0

∑
t[ft(L̂)− k̂(t− t̂0)]

2;

t(b) ← tm − t̂
(b)
0 ;

for d ∈ D do

Generate N surrogate samples Y
(s,i,d)
t with

(L(s), k(s) = k̂(b), t
(s)
0 , σ(s) = σ̂(b));

Estimate θ̂(s,i,d) for each sample i = 1, . . . , N ;

Compute t̄(s,d) ← Ei[tm − t̂
(s,i,d)
0 ];

end

d∗ ← argmind∈D |t(b) − t̄(s,d)|;
βL ← Ei[L̂

(s,i,d∗)/L(s,d∗)];

L̂← L̂(b)/βL;

{k̂, t̂0, σ̂} ← OLS(ft(L̂), Yt);

return θ̂;

The notation ·̂(b) denotes parameter estimates before debiasing, ·(s) denotes surrogate

data parameters, and ft(L̂) denotes the Fisher-Pry transform using the asymptote estimate.

The procedure uses fixed surrogate values (L(s), t
(s)
0 ) = (104, 0) for all simulations, exploiting

the scale-invariance property detailed in appendix 3.10.3.

3.10.1.2 Simulation configuration

We test the debiasing method on generated data using the data-generating process defined

in eq. 3.6. We define the parameters, θ = {L, k, t0, σ} as

θ = {104, 0.3, 0, 0.1}

for the number of observations

m = 50

and number of simulations

N = 1,000.

89



for each

T ∈ [t0 − 15, t0 + 10].

11 For each simulation n ∈ {1, . . . , N} and each T , we estimate the parameters as per the

estimation procedure described in section 3.1.

Surrogate data for debiasing. For each parameter estimate, θ̂(n,T ), we generate a

surrogate dataset using parameters

θ(s) = {104, k̂(n,T ), 0, σ̂(n,T )}

for the number of observations

m(s) = 50

and number of simulations

N (s) = 200.

for each

T (s) ∈ [t0 − 20, t0 + 15].

Then, using the surrogate data, we debias the asymptote estimate, L̂(n,T ).

Bounds for debiasing optimization. Surrogate data: max(Yt) × 1.01 ≤ L̂ ≤

10× L(s) = 105. Since true L(s) = 104 is known, upper bound allows 10× overestimation

(vs. 100× for general plots). Well-specified estimates never exceed 2 × L(s) (main text

σ = 0.1; appendix 3.11.2 σ = 0.2).

11Equivalent to the range of 1% diffusion to 95% diffusion observed.
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3.10.2 Theoretical performance with known parameters

Figure 3.13: debiasing with true k, σ (vs. estimates). Shows method soundness—practical

limitation stems from parameter estimation uncertainty, not method itself. Figure 3.13

(a) Debiased L̂ (known k, σ) (b) Debiased t̂0 (known k, σ)

(c) Debiased k̂ (known k, σ) (d) Debiased σ̂ (known k, σ) (e) Forecast with known k, σ

Figure 3.13: Debiasing performance when k and σ are known rather than estimated.
Results from N = 1,000 simulations with parameters {L = 104, k = 0.3, t0 = 0, σ = 0.2}
and m = 50 observations. (a-b) Asymptote and inflection point show improved parameter
estimates compared to before debiasing (Figure 3.16). (c-d) Growth and noise parameters
remain unbiased. (e) Forecast (made at ≈ 10% diffusion) with mean (blue) and median
(red) closely following the true trajectory (black).

establishes the theoretical performance limit: when k and σ are known (not estimated),

the debiasing procedure produces reasonably unbiased estimates with lower variance across

all diffusion levels. At σ = 0.2 (higher noise than baseline σ = 0.1 in Figure 3.4), the

procedure remains effective when true parameter values are used. This demonstrates

that the practical limitation stems from uncertainty in estimating k̂ and σ̂, which

propagates through surrogate data generation, rather than from fundamental failure of

the debiasing method itself at higher noise levels (See appendix 3.11.2 for results with

estimated parameters at σ = 0.2).

91



3.10.3 Mathematical Justification of the Debiasing Proce-

dure

The debiasing procedure relies on three key theoretical properties that ensure the correction

eliminates bias while maintaining statistical efficiency.

3.10.3.1 Property 1: Conditional unbiasedness of growth and noise

parameters

From the Fisher-Pry transformation (eq. 3.6), conditional on L̂ = L, the transformed data

becomes

ft(L) = k(t− t0) + σϵt, (3.19)

which is a linear model with additive Gaussian noise. Under standard OLS theory, the

estimators satisfy

E[k̂|L] = k and E[σ̂|L] = σ. (3.20)

Empirical validation through simulation (Fig. 3.7) confirms that k̂ ≈ k and σ̂ ≈ σ across

all tested noise levels, with minimal bias compared to the bias in L̂ and t̂0. This justifies

treating k̂(b) and σ̂(b) as approximately unbiased proxies for the true values in the surrogate

data generation step.

3.10.3.2 Property 2: Parameter Linkage through the FP Transform

The Fisher-Pry noise model couples parameter estimation through the transform ft(L̂) =

− log(L̂/Yt − 1). Appendix 3.6.3 establishes that when L̂ changes, all other parameter

estimates change accordingly: correcting L̂→ L also corrects t̂0 (via t̂0 = t0 + log(L̂/L)/k̂

at early diffusion) and k̂ (since L̂ ≠ L introduces curvature in the transform that biases

slope estimates). Once L̂ is corrected, re-estimating via OLS on the corrected transform

yields improved estimates of all parameters.
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This property is directly obvious for the Fisher-Pry noise structure. For additive noise,

NLLS estimates all parameters simultaneously without transform-based coupling (appendix

3.10.4).

3.10.3.3 Property 3: Bias Characterization via Surrogate Data

The bias in L̂ is a systematic function of:

1. The true parameter values (k, σ) — estimated from the data as (k̂(b), σ̂(b)),

2. The observation window, quantified by t(b) = tm − t̂
(b)
0 ,

3. The number of observations, m.

We construct a bias function B(k, σ,m, d) via parametric bootstrap, where we simulate

N surrogate samples with parameters (L(s), k(s) = k̂(b), t
(s)
0 , σ(s) = σ̂(b)) and observation

window d. For each window, we compute the empirical bias factor

βL = Ei

[
L̂(s,i,d∗)

L(s,d∗)

]
. (3.21)

where the expectation is taken over all N surrogate samples indexed by i.

Window Identification. The key insight is that t(b) serves as a sufficient statistic for

identifying the observation window. Given that

E[tm − t̂
(b)
0 ] ≈ E[tm − t̂

(s,d∗)
0 ] (3.22)

for some window d∗, we identify the relevant bias regime by matching:

d∗ = arg min
d∈D

|t(b) − t̄(s,d)|. (3.23)
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3.10.3.4 Bias Correction Mechanism

The debiased asymptote is obtained by inverting the empirical bias factor:

L̂ =
L̂(b)

βL
, (3.24)

where βL = Ei[L̂
(s,i,d∗)/L(s,d∗)] is the empirical bias factor at the matched window d∗.

Why the bias is multiplicative. The scale-invariance property (appendix 3.10.3.6)

establishes that scaling the true parameters and data by a factor α produces proportionally

scaled estimates:

L̂(αL,αY ) = αL̂(L, Y ). (3.25)

Taking expectations on both sides yields E[L̂(αL)] = αE[L̂(L)]. Dividing both sides by the

true asymptote gives:

E[L̂(αL)]

αL
=

E[L̂(L)]

L
. (3.26)

Thus the relative bias E[L̂]/L is independent of L, but rather is a proportion. Define the

bias factor βL(k, σ,m, d) := E[L̂]/L, which depends only on (k, σ,m, d) per eq. 3.29. This

gives

E[L̂] = βL(k, σ,m, d) · L, (3.27)

where division by βL removes this proportional error. For noise models lacking scale-

invariance (e.g., additive), the bias is not multiplicative and the procedure requires modifi-

cation (appendix 3.10.4).

3.10.3.5 Theoretical Guarantees

The procedure provides asymptotic unbiasedness under the following conditions:
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Assumption 1: Known Data-Generating Process. The surrogate data is

generated from the true noise model (eq. 3.5). If the DGP is misspecified, the bias

correction may fail.

Assumption 2: (k, σ) Approximately Unbiased. We assume k̂(b) ≈ k and

σ̂(b) ≈ σ. This is empirically validated at baseline conditions (m = 50, σ = 0.1) in appendix

3.7.3, where median bias remains within 5% across all diffusion levels. Deviations at higher

noise levels or sparse data may introduce secondary bias (appendix 3.11.1).

Assumption 3: Large N for Surrogate Samples. The empirical bias factor βL

converges to the true bias factor as N →∞:

βL → E
[
L̂(s,i,d∗)

L(s,d∗)

]
as N →∞. (3.28)

3.10.3.6 Scale-Invariance Requirements

A key requirement is that the bias factor βL is invariant to (L, t0) for fixed (k, σ,m, d):

βL(L(s), k, t
(s)
0 , σ,m, d) ≈ βL(L′, k, t′0, σ,m, d). (3.29)

When this property holds, we can use fixed arbitrary surrogate parameters (L(s), t
(s)
0 ) to

investigate the bias.

Proof sketch. The key insight is that scaling both L and Yt by the same factor α leaves

the Fisher-Pry transform unchanged:

ft(αL) = − log
(
αL/(αYt)− 1

)
= − log

(
L/Yt − 1

)
= ft(L). (3.30)
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Since the FP transform determines parameter estimates, scaling (L, Yt) → (αL,αYt)

produces scaled estimates L̂→ αL̂ with identical relative bias L̂/L. Similarly, the S-curve

depends only on (t− t0), making t0 a pure time shift that does not affect bias patterns.

Therefore βL = E[L̂/L] depends on (k, σ,m, d) but not on the absolute values of (L, t0).

For applicability to different noise models and S-curve forms, see appendix 3.10.4.

3.10.4 Extension to other noise models and S-curve forms

The debiasing procedure can be adapted to other noise specifications than the FP-noise case

presented in the main text, provided the appropriate data-generating process and estimation

method are used. Scale invariance determines whether fixed surrogate parameters (L(s), t
(s)
0 )

can be used, which is crucial to the debiasing method.

Scale-invariant cases (debiasing procedure applicable).

1. Fisher-Pry noise with Gompertz curve: Y (t) = L exp(− exp(−k(t− t0) + σϵt))

where ϵt ∼ N (0, 1). Use OLS on Gompertz transform − log log(L/Y (t)) = k(t−t0)−

σϵt. Scale invariance holds by identical reasoning to the logistic case: scaling preserves

the transform structure. The debiasing procedure should apply, with surrogate data

generated from the Gompertz FP DGP and Gompertz OLS estimation. See appendix

3.8.1 for bias patterns.

2. Multiplicative noise in levels: Y (t) = Leσϵt/(1+e−k(t−t0)). Use NLLS on log Y (t).

Scaling (L, Y ) → (αL,αY ) shifts log Y → log Y + logα, producing L̂ → αL̂ with

identical relative bias L̂/L. The debiasing procedure should apply, with surrogate

data generated from the multiplicative DGP and NLLS estimation on log Y . See

appendix 3.8.4 for bias patterns.
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Noise models without scale-invariance property (debiasing method not

directly applicable):

1. Additive noise in levels: Y (t) = L/(1 + e−k(t−t0)) + σϵt. Well-specified estimator

uses NLLS on Yt. Scaling L → αL changes Y → αQ(t) + σϵt, not αY , because

the absolute noise term σϵt remains unchanged. Larger L with fixed σ produces

relatively lower noise and thus different bias patterns. The bias factor βL = E[L̂/L]

therefore depends on both L and σ separately, not just on (k, σ,m, d) as in the

scale-invariant cases. Thus the proposed debiasing method would not apply here.

Extension to additive noise could potentially investigate generating surrogate data

with L(s) = L̂(b) to match the absolute scale. See appendix 3.8.3 for bias patterns.

3.11 Sensitivity Analysis

3.11.1 Detailed analysis: variance and N effects on parame-

ter bias

Comprehensive analysis of bias and variance dependence on m (observations) and σ (noise).

Main text shows m = 50, σ = 0.1; here we examine robustness across parameter space.

Bias dependence on m and σ. Figure 3.14 shows median bias for all four parameters

across m ∈ {20, 50, 100} and σ ∈ {0.05, 0.1, 0.2, 0.5} combinations, with 10,000 simulations

per condition. At σ = 0.5, m = 20: median L bias remains positive across all diffusion

(even 95%). Extreme noise distorts growth section; without observing leveling-off phase,

estimation overestimates L. Similar anomalies occur for other parameters at σ = 0.5,

especially m = 20.
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(a) Median bias in asymptote (b) Median bias in inflection point

(c) Median bias in growth parameter (d) Median bias in noise parameter

Figure 3.14: Median bias vs. diffusion for m ∈ {20, 50, 100}, σ ∈ {0.05, 0.1, 0.2, 0.5}.
(a-b) Asymptote and inflection point: diffusion proportion dominates; m and σ have
smaller effects. At σ = 0.5, bias shifts positive (distortion from extreme noise). (c)
Growth parameter transitions overestimate to underestimate, especially m = 20. (d) Noise
parameter depends on true σ, weakly on m or diffusion.

Variance dependence on m and σ. Figure 3.15 shows normalized standard de-

viation (coefficient of variation) for all four parameters across m ∈ {20, 50, 100} and

σ ∈ {0.05, 0.1, 0.2, 0.5} combinations, with 10,000 simulations per condition. L and t0

variance decrease with diffusion; σ affects magnitude. k and σ variance depend on m,

weakly on diffusion. Anomalous behavior at m = 20, σ = 0.5 (extreme noise overwhelms

limited data).
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(a) Variance of asymptote estimates (b) Variance of inflection point estimates

(c) Variance of growth parameter estimates (d) Variance of noise parameter estimates

Figure 3.15: Normalized standard deviation vs. m ∈ {20, 50, 100}, σ ∈ {0.05, 0.1, 0.2, 0.5},
diffusion. (a) Asymptote: diffusion dominates, decreases after 50%. (b) Inflection point:
decreases with diffusion, lower noise, more observations. (c-d) Growth and noise: depend
on m, weakly on diffusion or σ. Anomalies at m = 20, σ = 0.5.

3.11.1.1 Implications for debiasing procedure

At m = 50, σ = 0.1: (1) k bias is low with low variance; (2) σ̂ has minimal bias and

variance; (3) L, t0 require diffusion-dependent correction. At σ = 0.2 there is much higher

variance in k̂ and σ̂, which degrades debiasing (appendix 3.11.2.2). At σ = 0.5 there are

more erratic patterns, showcasing that the debiasing method is unsuited for very high

noise.

More data at early diffusion (m = 100 at 5%) reduces variance but can’t overcome under-

identification; higher diffusion (m = 50 at 20%) provides qualitatively new asymptotic

information.
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3.11.2 Bias in parameter estimates with higher noise levels

This section examines bias at σ = 0.2 compared to baseline σ = 0.1 shown in the

main text, holding other parameters constant (k = 0.3, L = 104, t0 = 0, m = 50).

NLLS misspecification shows patterns consistent with σ = 0.1 with further increased

variance (median bias persists to ∼25% diffusion and interquartile range widens), confirming

robustness of the main text findings. We focus here on well-specified estimation performance

degradation.

3.11.2.1 Well-specified FP estimation with higher noise levels

Figure 3.16 shows well-specified estimation at σ = 0.2. Median bias persists to ∼25%

diffusion (similar to the main text case of σ = 0.1); variance increases but remains lower

than NLLS.

(a) Asymptote bias (b) Inflection point bias

(c) Growth parameter bias (d) Noise parameter bias
(e) Forecast bias

Figure 3.16: Well-specified FP estimation with σ = 0.2. 10,000 simulations, m = 50.
Boxes (25-75%) remain below zero until ∼5% diffusion, compared to ∼10% at σ = 0.1
(main text).
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3.11.2.2 Debiasing results at higher noise levels

In figure 3.17 we plot the results of the debiasing procedure for simulations across different

proportions of the S-curve observed with σ = 0.2, compared to the results shown in the

main text for σ = 0.1 (figure 3.4).

(a) Debiased L̂ (b) Debiased t̂0

(c) Debiased k̂ (d) Debiased σ̂
(e) Median forecast compari-
son

Figure 3.17: Debiasing at σ = 0.2 using estimated k̂, σ̂. N = 1,000 simulations, m = 50.
(a-b) Median bias crosses zero at ∼10% diffusion. IQR at 10% diffusion: approx. 70-125%L
. (c-d) Growth and noise parameters remain near-unbiased. (e) Forecast at ∼10% diffusion
approximately tracks true trajectory.

Performance degradation from parameter uncertainty. Compared to main

text (σ = 0.1), median bias persists longer at early diffusion and IQR widens. At 1-5%

diffusion, median L̂ ranges 30-80%L, compared to initial bias of 20-50%L. Estimates k̂

and σ̂ exhibit higher variance at higher noise levels (figures 3.15c, 3.15d), propagating

uncertainty into surrogate data generation. Appendix 3.10.2 uses true k and σ at σ = 0.2

and shows that that would be sufficient information to reduce bias.
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Chapter 4

Universality and Predictability of
Technology Diffusion

This chapter is taken from: Wagenvoort, B., Dyer, J. C., Lafond, F., & Farmer, J. D.

(2026). Universality and predictability of technology diffusion [284].

Many technologies grow along S-curves: diffusion is slow, then rapid, then
levels off. Forecasting this growth is vital for renewable energy, AI and other
technology transitions, but it has been unclear whether technologies follow a
single universal process, and past forecasts have proved unreliable. We assemble
a database of 120 mature technologies, from canals to mobile phones, and
show their S-curve shapes are remarkably universal. Using Bayesian methods
and extensive out-of-sample backtesting, we show that a Bertalanffy-Richards
process does a good job of fitting the data and its forecasting outperforms
popular alternatives. Its point forecasts are typically accurate to within a
factor of two, even from a 5% diffusion origin and decades ahead. This gives
a validated method to forecast any technology that follows an S-curve, with
known accuracy. Our forecasts for solar PV and wind indicate that by 2050
they will supply 13–470 and 4–17 PWh globally each year (90% prediction
intervals). Our median estimate for solar in 2050 is about 80 PWh, compared
to 31 PWh of global electricity generation in 2024, and roughly the same as all
the useful energy the world consumes today. Even the most aggressive IPCC
AR6 scenarios are too pessimistic about solar, implying that ambitious climate
targets will likely be met faster than widely believed.

Keywords: Technology growth; Bayesian forecasting; S-curves; Energy transition

4.1 Introduction

Technologies fuel economic growth and play a central role in our lives. Early work [7, 8, 285]

showed qualitatively that many technologies exhibit “S shaped” growth behavior, in which
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growth is initially slow, then rapid, and then slows again, and coined the term S-curve.

However, many different functional forms have been postulated for technology growth

[4, 14, 50] and previous studies have been unable to strongly narrow the space of possibilities

[20], so there is no common agreement [41]. Anticipating technology growth (also called

diffusion, adoption or deployment) is potentially very useful for planning and investment,

but previous attempts to do so have yielded widely varying and unreliable results; naive

S-curve forecasts based on fitting S-curves to historical data tend to be too pessimistic and

many past forecasts are clearly wrong in hindsight [31]. While several recent studies apply

probabilistic or Bayesian S-curve methods to renewable energy diffusion [69, 114, 242],

prior results are based only on a few immature technologies, so there is no ground truth

to test what happens in later stages. More recent studies find a handful of mature and

similar technologies to solve this problem [113, 286], but have a small sample size and do

not backtest out-of-sample against late-stage diffusion data, and other forecasts that have

been made are essentially qualitative [260]. As a result, prior to our work here, the precise

nature of the process of technology diffusion, including its universality and forecastability,

remained highly uncertain.

Why do technologies follow S-curves? A common explanation emphasizes the technology-

specific context: Each technology has its own story that depends on idiosyncratic factors

such as the effort and competence of firms and individuals, global competition, supply chain

stability, industrial policy, serendipity, and geopolitics [287]. For example, the diffusion

of solar photovoltaic energy was inhibited by lack of materials during 2000-2010 [288],

boosted afterward by policies in many countries such as Germany [289] and China [290],

and is now being damped by U.S. industrial policy [291]. Because such factors are hard to

anticipate, this has limited usefulness for forecasting.

Another approach is to search for a law governing technology growth. For instance, if

Y (t) is the diffusion level, e.g., the number of instances of the technology existing at time
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t, consider a growth process of the form

dY (t)

dt
= r(t)Y (t), (4.1)

where r(t) is a growth rate. If r(t) is relatively constant, this is an exponential growth

process. There are many reasons to expect exponential behavior during the early stages of

growth. On the demand side, exponential growth holds if consumers are more likely to buy

a given technology such as a mobile phone if others around them own the technology. On

the supply side, it follows from the assumption that the willingness to invest is proportional

to the size of the existing market. For example, the confidence that a new railroad project

will succeed might increase proportionally to the number of successful projects. There are

many possible explanations that predict exponential diffusion in early stages [16, 40, 292].

The characteristic S-curve shape of technology growth occurs because the growth rate

r(t) slows down as the market saturates. If many people already own mobile phones, for

example, there are fewer people to buy new ones, and as more railroads are built, the

number of new commercially viable routes diminishes. The functional form for r(t) depends

on the details of the saturation process. A useful analogy is bacterial growth, where r(t)

can sometimes be derived from first principles [293]. This depends on factors such as

whether or not the food-bearing solution is well-mixed, as in a chemostat, or whether

growth can only occur on a boundary, as in a Petri dish filled with agar. (Tumor growth is

another interesting example.) For technology diffusion, different mechanisms underlying

diffusion such as contagion, social influence or social learning, imply different shapes of

S-curves [122, 294]. However, the empirical evidence and studies so far have not resolved

whether technology growth obeys a common function r(t) or whether each technology does

something different.

Here we substantially resolve these long-standing questions about technology growth by
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showing that the growth of technologies is remarkably universal and that this can be used

to make useful forecasts of known accuracy. We assemble a much larger set of technologies

than previous studies, consisting of mature technologies where the ground truth is known.

We show that the shape of technology S-curves is approximately universal, test several

candidate stochastic processes, perform extensive statistical testing, and develop a reliable

forecasting method that can take advantage of historical diffusion data for any technology

to make predictions of known accuracy. Finally, we apply this to solar and wind energy

and show that, while many IPCC AR6 scenarios fall within our 90% prediction interval

for wind, our median wind forecast lies below the typical 2050 scenario, while solar, in

contrast, is likely to grow faster and higher than even the most optimistic scenarios.

4.2 Results

To provide a foundation for our work here we conducted an extensive search, finding a total

of 1,362 time series, which we winnowed down to a data set with historical deployment of

120 mature technologies, ranging from canals to mobile phones, as detailed in the Data

section. While there is inevitably selection bias, we have done extensive analysis to ensure

that our results are robust, as described in the Data and Methods sections.

After testing several different functional forms for S-curves, we find that the Bertalanffy-

Richards (B-R) process [13, 61, 64], in which growth declines according to r(t) = k(1−

(Y (t)/L)β), is a good overall choice (see SI Sections 3.3 and 4.1 for model comparison).

Here L is asymptotic deployment, k is the initial growth rate and β is a shape parameter.

In this case the solution to equation 4.1 is

Y (t) =
L[

1 + exp
(
− βk(t− t0)

)]1/β , (4.2)

where t0 locates the growth process in time [61]. An important special case is the logistic
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model, where β = 1 [12, 14]. Figure 4.1 illustrates the Bertalanffy-Richards process for

β = 2/3, which we find to be a good overall choice, and compares it to the two most

widely used models for S curves, the logistic process (β = 1), and the Gompertz process[11],

derived by scaling the Bertalanffy-Richards growth rate r(t) by 1/β and taking the limit

β → 0, so that r(t) declines exponentially with time. We also compare to pure exponential

growth.

Figure 4.1: Comparison of S-curves to exponential growth. Panel (a) shows
diffusion vs. time for exponential growth, the Bertalanffy-Richards model with β = 2/3,
the logistic model (β = 1) and the Gompertz model. Panel (b) is the same as (a), but on
logarithmic scale. Panel (c) shows the ratio of the growth rate for each process compared to
exponential growth as a function of diffusion level. Shaded regions are the 95% confidence
intervals for different noise levels for the Bertalanffy-Richards model with β = 2

3 . The
exponential growth rate is chosen to match the initial growth of the logistic process, and
the parameters of the S-curve models are chosen so they spend the same amount of time
between 10 and 90% adoption.

Technology growth is inherently non-stationary and strongly non-linear. These problems

are compounded by the fact that the time series are short and strongly autocorrelated, mea-

surements are noisy and the fluctuations around deterministic behavior are heteroscedastic

(meaning the fluctuations vary systematically with time over the growth path).

This leads us to recast the deterministic Bertalanffy-Richards process as a stochastic
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model of the form

Y (t) =
L[

1 + exp
(
− βk(t− t0) + βσ(ϵt + ρϵt−1)

)]1/β , (4.3)

where σ is the noise amplitude and ρ is an autocorrelation parameter. The noise process

ϵt ∼ N (0, 1) is normal and IID; because the noise is inside the exponential, the noise process

is effectively multiplicative and the resulting distribution for Y (t) is roughly log-normal,

which means it is strongly skewed and has relatively heavy tails. The noise process with

amplitude σ represents idiosyncratic, technology-specific variations in growth rates, as well

as data measurement errors. All of the parameters are potentially technology-dependent,

but the evidence for technology-specific variations in β and ρ is weak, and because of the

large variance in estimating parameters, for forecasting purposes it is better to assume

universal values for β and ρ (see SI Section 3.1).

To compare the shape of the growth trajectories of different technologies, we fit

equation 4.3 to each individual technology with β = 2/3 and ρ = 0.8 and rescale each

time series in non-dimensional coordinates (denoted by tilde) so that t̃0 = 0, L̃ = 1, and

k̃ = 1, which makes the location, scale, and initial growth rate of each technology the

same. We plot all 120 technologies on top of each other in non-dimensional coordinates

and compare to the Bertalanffy-Richards model with β = 2/3 in Figure 4.2. The shape of

the non-dimensional S-curves is remarkably similar, indicating that apart from differences

in parameters, the growth processes are very close to each other. The Bertalanffy-Richards

model explains 93% of the variance, showing that to a good approximation the growth paths

of different technologies are universal in the sense that a simple deterministic law explains

most of the growth path, at least in hindsight. Technology-specific, idiosyncratic factors

may affect the parameters of the growth process and cause deviations from deterministic

behavior, but the shape of the growth path is largely the same for all technologies.
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(a) Collapse plot (b) Linearized collapse plot (c) Replicating variation

(d) Growth rate vs. diffusion
level

(e) Distribution of growth rates (f) Growth rates over time

Figure 4.2: The universal shape of technology growth paths. Based on fits using
equation 4.3 with β = β̃ = 2/3 and ρ = ρ̃ = 0.8, panel (a) plots the data for each
technology in non-dimensional coordinates (denoted by tilde), where t̃0 = 0, L̃ = 1, and
k̃ = 1 for all technologies. Energy technologies are highlighted. Panel (b) shows the same
in nonlinear coordinates that make the growth trajectory linear (see SI Section 1.1). Panel
(c) illustrates how the model captures the heteroskedasticity of the noise by comparing
the variation in the data to that expected from the model in linearized coordinates. Boxes
are 25% and 75% quantiles with black dots denoting the data median in each box and
the red line denoting the model median. Shades of blue indicate 1, 2, and 3 standard
deviations based on 1,000 realizations of the model using the fitted parameters for each
technology. Panel (d) compares the median growth rates ri(t) for the data to the median
growth for a similar simulation of 1,000 realizations of the model. Panel (e) shows the
distribution of growth rates k for all technologies, which is approximately an exponential
distribution shifted by the minimum empirical growth rate (mini ki ≈ 0.04). Panel (f)
shows the growth rates k as a function of the year of first observation on a log-scale
(excluding monasteries, which diffused during the 1100’s). Growth rates of technologies
increase roughly exponentially over time.

For a clearer view of the variation across technologies, Figure 4.2(b) shows the same
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data under a nonlinear coordinate transformation that makes the growth linear in time

(see Methods). To show that our model does a good job of capturing the heteroskedasticity

of the data, in Figure 4.2(c) we study the cross-sectional standard deviation vs. time

in nondimensional coordinates. To understand the expected variation due to the noise

process, for each technology we use its fitted parameters to generate 1000 realizations

of surrogate data whose length matches the empirical data. The noise amplitude of the

empirical data under the linearizing transformation varies little, and is within the expected

error bars, indicating that our model, which has a constant noise amplitude over time

in the coordinates that linearize the dynamics, provides a good understanding of the

heteroskedasticity of the underlying random process. (See SI Sections 3.1 and 3.2 for

further quantitative tests and information).

As an alternate test of universality, in Figure 4.2(d) we plot the logarithmic growth

rates r(t) ≈ log Y (t)− log Y (t− 1) as a function of the normalized diffusion level Y (t)/L̂.

This provides a robust test as it removes the dependence on the estimated scale parameter

L̂ (though as one expects that growth rates are noisier than levels). The match between

the model and the data is excellent. In SI Section 3.1 we use the surrogate data method to

show that variations in estimated values of β̂i are compatible with the hypothesis that they

are statistical errors, indicating that it is a good approximation to use a constant value of

β ≈ 2/3.

Our analysis reveals an interesting regularity: As illustrated in Figure 4.2(e), the initial

diffusion rates of the technologies have an approximately exponential distribution (SI

Section 3.2). Figure 4.2(f) shows that diffusion rates for this sample of technologies are

increasing with time, consistent with earlier observations[16, 211, 295]. The fit suggests

that the rate of increase is exponential, with the caveat that there may be selection bias.

(Our dataset only includes mature technologies that have reached at least 80% diffusion,

so slower diffusing new technologies may be excluded). See Data section for more details.
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Figure 4.3: Evaluation of forecast accuracy. Panels (a, b, c) report point-forecast
accuracy and bias for all technologies with at least five training points (yielding 68
technologies at 5% of asymptotic diffusion and 120 at 50%). Panels (a) and (b) measure
point forecast accuracy based on the Median Average Log Error (MedALE) of the point
forecasts, where the point forecasts are in turn based on the median of the predictive
distribution ft,t+τ (Ŷt+τ |Y0:t). Panel (a) compares the accuracy of forecasts from a 5%
diffusion origin for the B-R, logistic and Gompertz models; The teal band is the 5–95%
confidence interval using the B-R model to generate surrogate data as described in Methods
and the dashed teal line is its median (see also SI Section 1.4). Panel (b) compares the
accuracy of the B-R model for forecasts made at 5%, 10%, 25% and 50% origins. Panel (c)
shows the density of the log error ln(Ŷ /Y ) for forecasts with a 5% origin and pooling all
horizons. Dotted vertical lines mark medians for each model (dots are the modes), making
the strong left-skew of the Gompertz model evident. Panels (d-f) evaluate distributional
coverage by comparing the quantiles of the predictive distribution ft,t+τ (Ŷt+τ ) to the
quantiles of the same distribution evaluated on the empirical data, ft,t+τ (Yt+τ ); under
perfect coverage this is the uniform distribution and the q − q plot the identity. In each
case we compare the coverage with and without the widening adjustment described in the
Methods section. Gray lines show the un-widened coverage and colored lines show the
widened coverage, with the gray shaded band the 95% pointwise i.i.d. confidence envelope.
Panel (d) compares the B-R, logistic and Gompertz models at the 5% forecast origin and
70% target, panel (e) compares forecasts made with the B-R model at a 5% origin and the
10% and 50% horizons, and panel (f) compares B-R forecasts for a 70% horizon at 10%
and 50% origins.
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The approximate universality of S-curves suggests that historical data is useful for

forecasting. We make forecasts with the logistic (β = 1), Gompertz, and Bertalanffy-

Richards (β = 2/3, which we henceforth call “B-R”) models using Bayesian methods to

produce probabilistic forecasts ft,t+τ (Ŷt+τ |Y0:t) for individual technologies, where Ŷt+τ is

a forecast made at origin time t for forecast horizon τ , based on historical data Y0:t =

{Y0, . . . , Yt} and ft,t+τ is the distribution of the forecasts (see Methods and SI Section 1).

Our priors for the growth rate k and the noise volatility σ reflect the range of values we

have observed in the full-sample analysis (see discussion of in-sample vs. out-of-sample

testing in the Methods section).

We make point forecasts based on the median of the posterior predictive distribution

ft,t+τ (Ŷt+τ |Y0:t). To compare different methods, forecast horizons and origins, we score

predictive accuracy based on the absolute log error (ALE) of the point forecast, and

compare the median ALE (“MedALE”) across technologies (see Figure 4.3(a-b); see SI

Section 4.1 for the formal definition and sensitivity checks).

Because technologies follow intrinsically different timescales, we measure “time” for

each technology based on percent diffusion, 100Y/L̂. (This is done retrospectively to

compare accuracy across technologies, not to make forecasts.) In Figure 4.3(a) we compare

MedALE for the logistic, Gompertz and B-R models at the 5% diffusion origin. The

B-R model has lower MedALE than the logistic at every forecasting horizon and it is

substantially better than Gompertz for horizons beyond 50%. Gompertz has somewhat

lower forecasting errors for short horizons, but it is strongly biased, meaning its forecasts

are systematically too low (see panel c, and SI Section 4.1, which also includes a comparison

with the Bass-model). Because the B-R model has comparable forecasting skill and because

of other factors discussed in the appendix, we believe it is overall a good choice. To

assess statistical significance we compare these results to a B-R surrogate ensemble (see

Methods). The empirical curves sit close to the surrogate 90% band at early diffusion and
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exceed its upper bound beyond about 15% diffusion, indicating that none of these models

fully capture the underlying dynamics at higher diffusion levels. A surprising feature

is that forecasts at intermediate horizons of 60% or so are less accurate than at 100%;

we do not fully understand this, but we suspect this is due to several reasons, including

model mis-specification and the choice of priors. Notably, this peak becomes a plateau

with no clear intermediate maximum when the forecast horizon is measured in years (SI

Section 4.1).

In Figure 4.3(b) we compare forecasts of the B-R model made at the 5%, 10%, 25%

and 50% diffusion levels. As expected, the errors are substantially smaller for forecasts

made at larger diffusion levels. It is striking that errors for forecasts made at 5% diffusion

are typically less than 100%, i.e. that the errors are typically within a factor of two of the

empirical observations, even for horizons far into the future. While the timescales vary

widely, in some cases this corresponds to forecasting horizons of up to 100 years.

Forecasts of unknown accuracy are useless. The fact that we are making probabilistic

forecasts allows us to predict the accuracy of our point forecasts, and even better, to

estimate the probability of different outcomes. If we forecast that the data will fall in a

given range with probability x, do the observations fall within that range x% of the time?

We assess this by comparing the forecast distribution ft,t+τ evaluated on the predictions

Ŷt+τ vs. the real data Yt+τ . More specifically, in Figures 4.3(d-f) we test the coverage

of the probabilistic model by comparing the quantiles of ft,t+τ (Ŷt+τ ) and ft,t+τ (Yt+τ )

using (Q-Q) plots (SI Section 1.3). For each forecast the probability integral transform

(PIT) is the forecast CDF evaluated at the realized value. It is uniform when forecasts

are calibrated, so its empirical CDF follows the diagonal. The gray bands quantify the

uncertainty expected given the number of independent data points available. Figure 4.3(d)

compares the three models for forecasts made at 5% diffusion for the 70% diffusion horizon.

The coverage of the B-R model forecasts is far better than that of the Gompertz model
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and marginally better than that of the logistic model. The Gompertz model’s forecasts are

extremely overconfident and strongly biased. Figure 4.3(e) shows how the coverage varies

for forecasts made with the B-R model at the 5% origin, for several different horizons.

The empirical coverage is good and mostly within the confidence intervals. Figure 4.3(f)

compares different forecast origins. The B-R forecasts are somewhat overconfident in the

upper tail, so henceforth we adjust the predictive distribution to compensate for this. This

corrects the coverage problems, as described in Methods and SI Section 1.2. We use this

for the remaining results.

We apply the method we have developed here to a problem of pressing interest, making

forecasts for solar photovoltaic and wind energy, which are not mature technologies and

are not in our original dataset (Figure 4.4). To check that the procedure is trustworthy

for these technologies, we backtest it on the solar and wind time series themselves (SI

Section 5.1) and stress-test it on deliberately adversarial energy cases, including supply

shocks and abrupt regulatory slowdowns (SI Section 4.2). The diffusion of solar PV is

currently still almost indistinguishable from noisy exponential growth, whereas wind growth

rates appear to be in the early stages of slowing down. The first panel (a) shows our point

predictions compared to the 95% prediction interval from an exponential growth model (a

geometric random walk with drift with autocorrelated noise).

Our adjusted posterior for the asymptote L implies that solar PV is currently between

0.3 and 14% of its eventual saturation (5–95% interval, median 2.2%) and wind at 12–63%

(median 43%). (See SI Sections 5.1 and 5.2). The uncertainty for solar is particularly wide;

this is because solar is still close to exponential, as noted above, which makes it difficult

to know when it will begin to fall off of exponential growth. The sharper lower bound

corresponds to the case where this happens more or less immediately, whereas there is high

uncertainty for the upper bound because it could continue approximate exponential growth

for an uncertain time into the future. (This is the generic behavior for any technology still
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within the noise band for exponential growth).

Even when L is hard to infer, as for solar and wind today, we can test whether a stated

growth pathway is consistent with S-curve dynamics. To do this we fix L, estimate the

other parameters from the historical data, and compute the probability of reaching each

benchmark by its target year. Figure 4.4(b) shows this for the IEA 1.5◦C net-zero scenario

[296, 297]: 5.5 TW by 2030, 12.5 TW by 2035, 17.8 TW by 2040, 24.2 TW by 2050 (for

comparison global solar was 2.2 TW in 2024 [298]). The four target years imply somewhat

different effective asymptotes, ranging from 20-26 TW. The IEA pathway is unlikely if

L < 25 TW and is met ahead of schedule if L > 25 TW. We show that 25 TW sits at

the low end of asymptotes consistent with the historical data capacity forecast (See SI

Section 5.2 and discussion below in terms of PWh/yr).

Panel 4(c) compares the predictive prior distribution that we use to initialize the

Bayesian inference to the predictive posterior at three different times. This illustrates the

heavy tails predicted for high solar diffusion and shows that even though the prior strongly

weights low diffusion levels, the posterior strongly rejects this.

Panels (d-f) show our main results. We compare our distributional forecast, shown as

the shaded fan, to the distribution of the 1,837 IPCC AR6 scenarios, which we summarize

as box-and-whisker plots for each decade (for more detail see SI Section 5.2). The prognoses

for wind and solar are very different. The forecasted median growth of wind between

now and 2050 is a factor of over 2, from just over 2 PWh/yr in 2024 to about 5 PWh/yr,

with a 90% prediction interval of 4–17 PWh/yr. (Note, though, that the upper tail is fat

– the 97.5th percentile in 2050 exceeds 40 PWh/yr). In contrast, the median growth of

solar between now and 2050 is a factor of over 40, from 1.9 PWh/yr in 2024 to about 80

PWh/yr, with a much wider 90% prediction interval of 13–470 PWh/yr. This median of

about 80 PWh/yr is roughly the same as all the useful energy the world consumes today.

For comparison, total global electricity generation in 2024 was 31 PWh [210].
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Figure 4.4: Forecasts for solar and wind energy and comparison to the AR6 IPCC
scenarios. Panel (a) compares their historical diffusion and our median S-curve based
forecast to a forecast based on exponential growth (shaded areas are the ±2σ̂ prediction
intervals, roughly 95%, using the method from [30]). Panel (b) plots the probability that
solar reaches each IEA net-zero milestone (2030, 2035, 2040, 2050) by its target year,
conditional on a prior for the asymptote L. Solid colored lines are medians. Panel (c)
plots the posterior predictive distribution vs the prior predictive distribution for solar
after applying the widening transform of SI Section 1.2. Panels (d, e, f) compare our
distributional forecast, shown as the shaded fan (the 5–95% prediction interval), to the
IPCC AR6 scenarios. The AR6 scenarios at each decade are summarized as standard
box-and-whisker plots (box = interquartile range, whiskers = 1.5×IQR, with outliers
beyond the whiskers shown as circles). Panel (d) is wind, panel (e) is solar, and panel (f)
is solar and wind combined.

A comparison to IPCC AR6 scenarios shows that they are typically slightly too

optimistic for wind and much too pessimistic for solar. The median forecast for wind is

roughly equal to the typical IPCC scenario in 2040 and substantially below it in 2050.

In contrast, the median solar forecast is a factor of about 10 higher in 2050 (80 vs 7.7
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PWh/yr), and even the most optimistic IPCC forecast (out of the 1837 in the sample) is

at the pessimistic end of likely solar deployment.

These results support fast net-zero energy transition pathways [29] that do not rely

on negative emission technologies [68]. This is supported by statistically tested cost

forecasting methods, which use Moore’s law (which is unconditional on deployment) to

predict a median LCOE cost for solar of $8/MWh in 2050 vs. $35/MWh for wind [31].

This provides independent supporting evidence that solar is likely to be deployed much

more and much faster than wind

4.3 Discussion

Our approach has important limitations, which we discuss in full in SI Section 1.5. The

model is based only on the time series of past diffusion and doesn’t reflect important

auxiliary variables such as cost and competition. Because the forecasts are unconditional,

they cannot be used to make predictions conditional on a change of policy. Nonetheless,

our forecasts allow for the possibility that policies accelerating technology diffusion, such

as subsidies, could alter the parameters of the process and shift the realized growth path to

the upper end of the forecast distribution, while policies that hinder growth, such as taxes,

could shift it to the lower end. Data limitations introduce potential selection bias toward

successful technologies. Treating technologies that compete in a single growing market

independently may not sufficiently account for competition, or yearly market-growth after

the technology market share has stabilized. Finally, while we have tested our methods out

of sample as much as possible, we used some in-sample information, specifically to discover

useful universal parameters β = 2/3, ρ = 0.8, for testing priors and for adjusting the width

of the predictive distribution.

Despite these limitations, our study here goes well beyond earlier work by using a large
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sample of mature technologies as ground truth, by understanding and accurately modeling

the heteroskedasticity of the noise process, employing Bayesian methods, performing

systematic out-of-sample statistical testing, and showing that technology S-curves are

approximately universal, meaning they all have a very similar shape and therefore follow

a similar growth process. This allows us to predict future technology growth, and to

quantify the accuracy of our predictions. While we have not attempted here to explain

S-curve dynamics from first principles, our results strongly constrain past and future

attempts to do so – whatever the process is, it must yield dynamics that are close to the

Bertalanffy-Richards process with β = 2/3 that provides a good fit to the data. As we

have shown, the widely used Gompertz model produces strongly biased forecasts with

poor coverage. However, as we show in SI Section 3.3, averaging across technologies with

heterogeneous growth rates and timings makes the pooled trajectory look Gompertz-like

even when the individual series are logistic or B-R, so aggregate fits can incorrectly favor

the wrong model. We also tested the Bass model, which performed poorly (SI Section 4.1),

but we do not rule out mechanism-based accounts such as innovation and imitation, cost

feedback, or policy, which contribute to S-curve growth in many historical series. As the

case of solar and wind demonstrates, technology forecasts can be very useful in guiding

investment and planning for emerging technologies. Although we have emphasized energy

technologies here, the methods developed can be applied to any technology, such as different

methods of AI, and there are many applications that remain to be explored further.

4.4 Methods

We use empirical Bayesian inference [136, 144] to generate forecasts and check that they

are well-calibrated by extensive backtesting (making forecasts as if we were in the past and

comparing the forecast to future observations). We perform extensive sensitivity analysis
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to test the robustness of our results, comparing to different S-curve models, varying priors,

and varying the parameters β and ρ to test their technology-invariance. Further details of

our method and out-of-sample robustness checks are given in SI Sections 1 and 4.

We use the surrogate method to test for statistical significance, comparing the empirical

results to an idealized situation in which each technology obeys a true β = 2/3 Bertalanffy-

Richards process with parameters matching each technology. To assess the median errors

in Figures 4.3(a-b), we generate 100 realizations of the process for each technology using

least-squares fits of the model to the full observed series (SI Section 1.4) and measure the

MedALE on this surrogate data. For the Q-Q plots in Figures 4.3(d-f) we compare to an

i.i.d. uniform null hypothesis.

We have done out-of-sample testing as much as possible, using only the data that would

have been available for real forecasts. However, given the nonlinearity of the S-curve model

and the difficulty of parameter estimation based on short data series, some components of

the estimation are in-sample. In particular, we have used common values for all technologies

for the autocorrelation parameter ρ = 0.8 and the shape parameter β = 2/3 – these values

are based on an analysis of the full time series for all technologies. We have also done

extensive testing for different methods of formulating priors. Because this analysis is based

on the full ensemble of 120 technologies, and is not technology-specific, we believe that the

level of overfitting is relatively small. It would of course be useful to test these methods on

even more technologies.

Because we find that our out-of-sample forecasts are less accurate than they would

be if the data obeyed the idealized model of equation (3), for our application to solar

and wind we widened the probabilistic forecasts ft,t+τ (Ŷt+τ |Y0:t) with a median-preserving

recalibration (SI Section 1.2). The amount of widening is fitted on the 120-technology

backtest and is robust (SI Section 4.1). Refitting it with each technology left out one-

at-a-time changes the widening negligibly, so it is not driven by any single technology,
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and the larger, less-filtered 154-technology dataset needs a similar amount of widening.

B-R needs less widening than the logistic and Gompertz models and its widening is more

robust across the 120- and 154-technology sets. For example, the logistic results vary by

quite a lot when calibrating the widening parameter on the 120 vs. 154 technology dataset

while B-R does not. Surrogate data from a correctly-specified model (SI Section 1.4) needs

virtually no widening, so this method corrects a genuine misfit between the model and the

data rather than simply inflating uncertainty.

In many cases the potential market size for technologies grows with time, which

complicates forecasting. For example, since about 1960, total energy usage has grown

at roughly 2% per year. If this pattern continues into the future we should expect the

asymptote of the S-curves of energy technologies to reflect this growth rate, in contrast

to our assumption of a constant asymptote in equation 4.2. We have experimented with

three methods for addressing this problem: (1) Using energy share rather than total energy

consumption; (2) explicitly taking this into account by using a modified growth process,

analogous to a bacteria culture whose food supply is increasing with time. (3) ignoring the

problem and using a constant asymptote. In our forecasts for solar and wind we have opted

for (3) on the grounds that it is consistent with what we did for all the other technologies

and because it only becomes a serious problem for forecast horizons beyond 2050. This

is because the current exponential growth rates of roughly 30% per year for solar and

20% per year for wind are large in comparison to a projected long-range 2% growth rate

of total energy usage (which is uncertain in any case). We backtest these approaches on

mature energy technologies in SI Section 4.2, and discuss the solar and wind forecasts in

SI Section 5.2.
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4.5 Data

We collected 1362 time-series from academic papers [15, 29, 35, 49], open-source databases

[210, 276, 299–301], government reports [234, 296], and industry publications [302, 303],

then filtered to 120 distinct technologies. To provide ground truth, we only consider

mature technologies, i.e., those that are within at least 80% of their estimated asymptotic

level of deployment. This allows us to test our methods by pretending to be in the past and

comparing forecasts to real data where the answer is known. The data presented here is

strongly limited by availability, and there are many important technologies missing. Many

of our time series have problems such as missing data and measurement errors. While

we included as many technologies as possible, there is inevitable bias toward historically

successful technologies. To address these problems, we have done extensive sensitivity

analysis that indicates our results are robust. In particular, we tested our filtering

procedures by repeating the analysis on a less-filtered dataset with 154 technologies and

found that the results are similar. Given the measurement errors in the data, our results

here provide a lower bound on predictability in the sense that cleaner data should make

our forecasts more accurate. However, selection bias could make forecasts for technologies

not in our data set less accurate. Better and more data across all growth stages would

strengthen future analysis. Further details are in SI Sections 2 and 3.
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Supplementary Material

4.6 Mathematical modeling of technology diffu-

sion

This section introduces and motivates the use of S-curves, providing an overview of their

applications and the model we use to make well-calibrated forecasts.

Background The energy transition is a technological transition [205, 304], characterized

by phasing out fossil fuels and adopting renewables. Technological adoption is often

modelled as an S-curve. Throughout this SI, we use the term for any sigmoidal Y (t)

describing cumulative adoption — for example, the logistic, Gompertz, and Bertalanffy-

Richards forms introduced below (Eqs. (4.5)–(4.6)). Technological shifts occur throughout

history due to necessity or innovation [47]. Examples include shifts from horses to tractors

in agriculture, diesel locomotives replacing steam engines, and transitions from wood to

coal to oil to renewables for energy production. Understanding historical diffusion dynamics

across industries helps us model and forecast renewable energy adoption.

Technology diffusion can be measured in stocks or flows. The flow measures production

or sales of a technology per unit time—for example, the number of mobile phones sold in a

given year. Technology stocks measure the cumulative production of a technology, minus

retirements—for example, the number of mobile phones currently in operation. Stocks are

typically the preferred measure for modeling technological diffusion [8, 40].

Griliches introduced S-curves to model technology stocks in 1957 [8]. Researchers have

since used S-curves extensively [7, 36, 82, 305] and developed many S-curve models with

increasing complexity, often introducing additional parameters to improve fits [19, 41, 306–

309].
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4.6.1 S-curve models: The role of symmetry

Consider the generalized logistic differential equation.

dY (t)

dt
= kY (t)α

[
1−

(
Y (t)

L

)β
]γ

, (4.4)

where dY (t)
dt describes the technology flow, Y (t) is the stock at time t, L is the asymptotic

stock as t→∞, and k is the intrinsic growth rate. Throughout this SI, growth rate refers

to the log time-derivative d log Y/dt, with empirical analogue ∆ log Yi,t = log Yi,t− log Yi,t−1

(see Section 4.14.1); k is the asymptotic value of this rate as t → −∞. The parameters

α, β, and γ determine the shape of the S-curve. In particular, β controls the steepness

and affects the symmetry of the function. When α = γ = 1, Eq. (4.4) reduces to the

Bertalanffy-Richards (B-R) curve [61–63], described as

dY (t)

dt
= kY (t)

[
1−

(
Y (t)

L

)β
]
. (4.5)

When β > 1, the inflection point occurs after 50% adoption, and when β < 1, it occurs

before 50% adoption. The analytical solution to Eq. (4.5) is

Y (t) =
L

(1 + exp (−βk(t− t0)))
1/β

. (4.6)

The logistic (β = 1) and Gompertz (divide by β and take β → 0 limit) curves are special

cases [14]. Throughout, t0 is a location parameter (typically in years) that shifts the curve

along the time axis. For the symmetric logistic and the Gompertz limit, t0 coincides with

the inflection point: the time of maximum growth, or for technology applications, the year

of peak annual addition. For the asymmetric B-R curve with β ≠ 1, the inflection shifts

to t0 − log(β)/(βk) (Section 4.13), so t0 remains a curve offset but no longer marks peak

growth.
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The logistic curve. When β = 1, Eq. (4.5) reduces to the symmetric logistic curve

dY (t)

dt
= kY (t)

[
1− Y (t)

L

]
, (4.7)

first introduced by Verhulst [12] in 1838 to model population growth. Integrating by

separation of variables, we obtain the analytical solution

Y (t) =
L

1 + A exp (−kt)
, (4.8)

where A is a constant depending on the initial condition. The parameter A defines a shift

in the curve relative to the point of maximum growth. Let A take the form

A = exp (kt0) , (4.9)

so that maximum growth occurs exactly when t = t0, at Y (t0) = L/2, recovering the

location-parameter interpretation introduced above for the logistic case.

Substituting Eq. (4.9) into Eq. (4.8), we derive

Y (t) =
L

1 + exp (−k(t− t0))
. (4.10)

We refer to this as the logistic curve. Applications include disease modeling [2, 74], predicting

gender from weight and height [58], and ecology and cancer modeling [40, 44, 49, 59].

The Gompertz curve. Starting from Eq. (4.5), dividing by β and taking the limit as

β → 0, we obtain the Gompertz curve,

Y (t) = L exp (− exp (−k(t− t0))) . (4.11)
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Gompertz introduced this curve in 1825 [11] to model population dynamics. Researchers

have since applied the model extensively to plant growth [84, 86], fish growth [65], tumor

growth [3], bacterial growth [90], and other applications [83, 85, 87–89, 133].

Comparing the three S-curves. S-curves can overfit, yielding inconsistent out-

of-sample performance [31]. We therefore fix β = 2/3 as a technology-invariant value,

balancing the early-exponential property of the logistic with the asymmetry of the Gompertz

without adding free parameters.

To characterize growth behavior, we compute log-growth rates d
dt log Y (t). For the B-R

curve (Eq. (4.6)),

d

dt
log Y (t) =

k

1 + exp (βk(t− t0))
, (4.12)

where setting β = 1 yields the logistic case and β = 2/3 yields our B-R case, with limiting

behavior

lim
t→−∞

d

dt
log Y (t) = k, lim

t→∞

d

dt
log Y (t) ∼ k exp(−βk(t− t0)). (4.13)

For the Gompertz curve, the log-growth rate takes a different form:

d

dt
log Y (g)(t) = k exp(−k(t− t0)), (4.14)

with limiting behaviour

lim
t→−∞

d

dt
log Y (g)(t) =∞, lim

t→∞

d

dt
log Y (g)(t) ∼ k exp(−k(t− t0)). (4.15)

The B-R and logistic curves exhibit exponential growth at early diffusion (constant log-

growth rate k), while the Gompertz curve has no constant early-growth regime. At late

diffusion, all three decay exponentially, at rate βk for the B-R curve (rate k when β = 1)
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and rate k for the Gompertz curve. In particular, the logistic (β = 1) and Gompertz have

identical late-stage decay.

Figure 4.5 accompanies main paper Figure 1. It shows the B-R curve (β = 2
3),

logistic (β = 1), and Gompertz curves in levels (Figure 4.5a), log-differences against time

(Figure 4.5b), and log-differences against percentage diffusion (Figure 4.5c). All curves use

L = 100 and t0 = 0. We set k = 1 for the B-R curve and adjust the logistic (k = 0.749) and

Gompertz (k = 0.526) growth rates so that all three curves spend the same time traversing

from 10% to 90% diffusion.

(a) (b) (c)

Figure 4.5: Comparison of the B-R curve with β = 2
3 (green) to the logistic (β = 1, blue)

and Gompertz (red) curves. Exponential growth (black) is plotted for reference. All curves
use L = 100 and t0 = 0; growth rates are k = 1 (B-R), k = 0.749 (logistic), and k = 0.526
(Gompertz), chosen so that time between 10–90% diffusion is the same across curves. (a)
S-curves in levels; percent diffusion at t = 0 is highlighted. (b) Log-differences on log-scale
against time. (c) Log-differences on linear scale against percent diffusion.

The three curves differ in two key respects. (1) Inflection point : for the logistic and

Gompertz curves, t = t0 defines the inflection point (point of maximum growth), occurring

at exactly 50% and approximately 37% diffusion, respectively. For any asymmetric B-R

curve (β ≠ 1), the inflection point shifts to t = t0 − log β
βk . At t = 0, the B-R curve with

β = 2/3 reaches approximately 35% adoption and is still accelerating, while the logistic

and Gompertz curves begin to decelerate. For k = 1, β = 2/3, the B-R curve continues

accelerating until t ≈ 0.6, corresponding to approximately 46% adoption (Figure 4.5a).
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(2) Early growth: under the log transform, the logistic curve grows at an approximately

constant rate k for t ≪ t0 (approximate exponential growth) and then decays to zero,

while the Gompertz curve’s log-growth decays exponentially throughout. Figure 4.5b plots

exponential growth at rate k = 1 (black) for reference. The logistic curve runs parallel to,

but below, the exponential line because its adjusted growth rate is k = 0.749 ̸= 1; this

parallel structure confirms approximate exponential growth at early diffusion levels. The

Gompertz curve, by contrast, decreases linearly with time on the log-scale. Figure 4.5c

shows that the logistic curve’s growth decreases linearly with percentage diffusion, while

the B-R curve’s growth decreases more gradually, lying between the logistic and Gompertz.

All three curves show similar exponentially decaying growth rates in later stages, evident

from the overlapping lines at high diffusion in Figure 4.5c.

Empirically, neither the logistic nor Gompertz model dominates. Comparative studies

find results vary by technology, time period, and domain [69, 92–98]. Comin et al. [91]

find the logistic curve systematically fails to capture early diffusion dynamics; we later

show this also applies to the Gompertz curve under ensemble averaging. Each model

captures one desirable property but not the other: many technologies exhibit approximate

exponential growth at early diffusion levels [4, 29, 31, 41, 310] (logistic, not Gompertz),

and many diffusion processes are asymmetric [20, 40, 50] (Gompertz, not logistic). Meade

and Islam [20] compared 22 S-curve formulations and found curve symmetry matters more

than functional form. The B-R curve combines both properties: it preserves exponential

growth at early diffusion levels while allowing asymmetry [113, 311].

4.6.2 Technology adoption

The S-curve has three phases: an initial slow-growth phase as the technology enters the

market, a growth phase of rapid expansion, and a saturation phase as adoption plateaus

[40, 43, 49].
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Phase-out of technologies. As technologies mature, better substitutes often emerge

[40, 123]. The mature technology then declines, entering a fourth death phase as the

substitute takes substantial market share. We do not model phase-out and therefore omit

the death phase from our analysis. For the first three phases, the S-curve formulation

suffices to describe and predict adoption.

4.6.3 Stochastic noise model

The Bertalanffy-Richards curve in Eq. (4.6) is deterministic. We extend it to a stochastic

model below.

Transforming the S-curve. Fisher and Pry [37] introduced a transformation that

linearises the logistic curve, later extended by Bhargava [46] with a time-dependent growth

parameter. We generalise this transformation to the B-R curve and define the generalised

Fisher–Pry (GFP) transformation and noise model:

f(Yi,t;Li, β) ≡ 1

β
log

(
Lβ
i

Y β
i,t

− 1

)
= −ki(t− t0,i) + σi (ϵi,t + ρϵi,t−1) , (4.16)

where ρ is a technology-invariant MA(1) correlation parameter, σi is the technology-specific

noise standard deviation (i.e. the standard deviation of the noise in the GFP transformed

space), and ϵi,t ∼ N (0, 1) are independent noise terms. The function f(Yi,t;Li, β) depends

on the observed stock Yi,t, the asymptote Li, and the (a)-symmetry parameter β.

Then, the technology stock Yi,t follows the stochastic relationship

Yi,t =
Li

(1 + exp (−βki(t− t0,i) + βσi(ρϵi,t−1 + ϵi,t)))
1/β

ϵi,t ∼ N (0, 1) ∀t,

(4.17)

where {Li, ki, t0,i, σi} are technology-specific parameters and {β, ρ} are technology-invariant
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for parsimony (justified in Section 4.13).

Noise structure in logit space. The Fisher–Pry noise model is additive in trans-

formed (logit) space. Since we observe stocks in levels, the variance of Yi,t depends on how

GFP-space perturbations propagate to the level scale. Consider the logistic case (β = 1)

with i.i.d. additive noise in logit space

Y (t) =
L

1 + exp(−k(t− t0)− σϵt)
,

where the GFP value is f ≡ − log(L/Y − 1) = k(t− t0) + σϵt. The derivative is

∂Y

∂f
=

∂

∂f

[
L

1 + e−f

]
=

Le−f

(1 + e−f )2
=

Y (L− Y )

L
. (4.18)

Thus, the noise variance in levels is proportional to Y 2(L − Y )2, which equals zero at

Y = 0, reaches maximum at the inflection point Y = L/2, and decreases to zero as Y → L.

For the B-R curve with β = 2/3, the derivative ∂Y
∂f has the same qualitative structure: zero

at boundaries, maximum at the inflection point.

We assume that the noise in technology flows follows a moving-average MA(1) process.

Under MA(1), if the stock at time t exceeds its deterministic value, the stock at t + 1 is

also more likely to exceed the deterministic prediction.

4.6.4 Normalizing S-curves

To create robust models, we pool data from various technologies. Technologies have unique

adoption trajectories with different growth rates and saturation levels. Despite this, we

can normalize technology-specific S-curves to analyze cross-technological regularities.
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Collapsing S-curves. Let Yi(t) be the time-series stock data of technology i, and

assume different technologies follow the same law with different parameters. We define the

normalized technology stock as

Y
(n)
i (t) ≡ Yi,t

Li
, (4.19)

and normalized time as

τi ≡ ki(t− t0,i). (4.20)

Next, we normalize the noise by dividing it by its standard deviation. That is, the

normalized residuals are defined as

log
[
Y

(n)
i (t)−β − 1

]
+ βτi

βσi
√

1 + ρ2
= ui,t (4.21)

Then the normalized Bertalanffy-Richards curve becomes

Y
(n)
i (t) =

1(
1 + exp

(
−βτi + βσi

√
1 + ρ2ui,t

))1/β , (4.22)

where the curve still contains technology-specific noise terms. Crucially, 1
β remains in

Eq. (4.22), allowing us to assess whether technologies collapse onto a similar asymmetric

S-curve or exhibit unique asymmetries.1

4.6.5 Model limitations

Our model assumes independent S-curve diffusion for each technology and excludes declining

phases. In reality, technologies emerge, compete, and phase out dynamically [37, 40, 123],

and markets expand. The framework here is therefore a univariate benchmark; multivariate

distributional forecasts for competing technologies in evolving markets remain for future

1For model parsimony and to reduce overfitting risk, we fix β = 2/3 as a universal constant
rather than estimating technology-specific βi values. Section 4.13 discusses this. We show the
universal parameter β = 2

3 replicates the data well in Sections 4.14 and 4.16.
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work. S-curves also describe how technologies diffuse, not why ; mechanistic explanations

are likewise outside our scope.

4.7 Our Bayesian forecasting procedure

Here we describe parameter estimation and forecasting for the stochastic model of Eq. 4.17,

using Bayesian inference to generate distributional forecasts.

Notation conventions. We adopt standard Bayesian notation throughout. π(·)

denotes probability distributions over parameters: π(θ) is the prior and π(θ | Y ) is the

posterior. p(·) denotes probability densities for observed data and noise: p(Y | θ) is

the likelihood and p(Y ) is the marginal likelihood. Throughout this section, Yi,t denotes

the observed adoption level for technology i at time t, with vector notation Yi,1:T =

(Yi,1, . . . , Yi,T ) for the full time series. The transformation f maps raw data to transformed

variables. We denote the first observation time by 1 to avoid confusion with the inflection-

point parameter t0.

4.7.1 Introduction to Bayesian inference

Bayesian inference is based on Bayes’s theorem, which states

π(θ | Y1:T ) =
p(Y1:T | θ)π(θ)

p(Y1:T )
, (4.23)

where π(θ | Y1:T ) is the posterior distribution of parameters θ given observed data Y1:T ,

p(Y1:T | θ) is the likelihood, that is, the density of the observed data Y1:T viewed as a

function of θ, π(θ) is the prior distribution of θ, and p(Y1:T ) is the marginal likelihood
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(evidence). Since p(Y1:T ) serves as a normalizing constant, Eq. (4.23) can be rewritten as

π(θ | Y1:T ) ∝ p(Y1:T | θ)π(θ). (4.24)

Given the likelihood p(Y1:T | θ) and prior π(θ), the posterior π(θ | Y1:T ) is determined up

to a normalising constant.

4.7.2 Estimating parameters of our stochastic model

We apply Bayesian inference to obtain posterior distributions for the parameter vector

θi = {Li, ki, t0,i, σi} for each technology i.

Log-likelihood of the observed data. The B-R DGP of Eq. (4.16) specifies additive

Gaussian noise in the GFP-transformed space. Define the centred latent variable

xi,t ≡ f(Yi,t;Li, β) + ki(t− t0,i),

which is Gaussian with MA(1) covariance under the DGP (Section 4.6); its closed form in

terms of Yi,t appears in Eq. (4.26) below. By the change-of-variables formula [312], the

log-likelihood of the observed technology stocks Yi,1:T is

logL(Yi,1:T | θi) = log px(xi,1:T | θi) + log det

(
∂f

∂Yi,1:T

)
, (4.25)

where px is the joint Gaussian density of xi,1:T under the MA(1) noise structure.2 The

Jacobian is taken with respect to f alone, since the deterministic trend ki(t− t0,i) has zero

derivative in Yi,t. Computing the log-likelihood therefore reduces to applying the GFP

2The textbook form of the change-of-variables theorem reads pY (y) = pX(g−1(y)) |dg−1/dy|,
with g : X 7→ Y the level function (here the B-R formula). The formula above is identical:
g−1(Yi,t) = xi,t, and |dg−1/dYi,t| = |df/dYi,t| since the trend ki(t− t0,i) that separates g−1 from f
has zero ∂/∂Yi,t.
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transform f to the observed data, evaluating the latent Gaussian density at xi,1:T , and

adding the closed-form Jacobian.

4.7.2.1 The Bertalanffy-Richards curve log-likelihood

By adding ki(t− t0,i) to both sides of the GFP transformation f(Yi,t;Li, β) from Eq. (4.16),

we obtain a normal distribution

xi,t =
1

β
log

(
Lβ
i

Y β
i,t

− 1

)
+ ki(t− t0,i) = σi (ϵi,t + ρϵi,t−1) (4.26)

where ϵi,t ∼ N (0, 1) for all technologies i. Eq. (4.26) gives the closed form of the centred

latent defined above. The (t, t′) element of the Jacobian of f with respect to Yi,1:T is

(
∂f(Yi,1:T ;Li, β)

∂Yi,1:T

)
t,t′

=
∂f(Yi,t;Li, β)

∂Yi,t′
= δt,t′

−Lβ
i

Yi,t(L
β
i − Y β

i,t)
(4.27)

where δt,t′ is the Kronecker delta (δt,t′ = 1 if t = t′, 0 otherwise). Since the Jacobian is

diagonal, its determinant equals the product of diagonal elements. The log-determinant is

log det

(
∂f(Yi,1:T ;Li, β)

∂Yi,1:T

)
=

T∑
t=1

[
β logLi − log

(
Yi,t(L

β
i − Y β

i,t)
)]

which is independent of the noise model.

i.i.d. noise model First, consider the case where ρ = 0, so all noise is i.i.d. Eq. (4.16)

reduces to

xi,t = σiϵi,t,

which implies

xi,t ∼ N (0, σ2
i ).
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The conditional probability of Yi,t given parameters θi is normal, yielding the log-likelihood

function

log p(Yi,t | θi) = log
(
N
(
xi,t; 0, σ2

i

)
I[Yi,t < Li]

)
+ log det

(
∂f(Yi,t;Li, β)

∂Yi,t

)
, (4.28)

where I[Yi,t < Li] is the indicator function ensuring Yi,t < Li, which is required to ensure

Eq. 4.26 remains well-defined. We next derive the log-likelihood for ρ ̸= 0.

MA(1) noise model When ρ ̸= 0, we calculate the joint distribution for the full

sequence xi,1, . . . , xi,T . The covariance matrix for an MA(1) process is

Cov(xi,t, xi,t−j) =



(1 + ρ2)σ2
i |j| = 0

ρσ2
i |j| = 1

0 |j| > 1

(4.29)

The joint probability density function (PDF) is

p(xi,1, . . . , xi,T ) =
1√

|Vi|(2π)T/2
exp

(
−1

2
X⊤

i V −1
i Xi

)
(4.30)

where

Xi =


xi,1

...

xi,T


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is a vector of length T , and

Vi = σ2
i



1 + ρ2 ρ 0 0 · · · 0

ρ 1 + ρ2 ρ 0 · · · 0

0 ρ 1 + ρ2 ρ · · · 0

...
. . .

. . .
. . .

. . .
...

0 · · · ρ 1 + ρ2 ρ 0

0 · · · 0 ρ 1 + ρ2 ρ

0 · · · 0 0 ρ 1 + ρ2



(4.31)

is a symmetric T × T covariance matrix. The first diagonal entry (1 + ρ2)σ2
i reflects the

stationary MA(1) assumption, where ϵi,0 ∼ N (0, 1) contributes to xi,1 even though it

occurs before the observed data. For technology diffusion, we assume that 0 < ρ < 1,

indicating positive correlation between noise in consecutive periods. Since ρ > 0, Vi is

positive definite and therefore invertible. The log-likelihood for the MA(1) model is

log p(Yi,1:T | θi) = log p(xi,1, . . . , xi,T ) +

T∑
t=1

log det

(
∂f(Yi,t;Li, β)

∂Yi,t

)
, (4.32)

where the joint density p(xi,1, . . . , xi,T ) is given by Eq. (4.30) with covariance matrix Vi,

and the Jacobian term is identical to the i.i.d. case.

Posterior distribution under an MA(1) process In an MA(1) model, current

noise depends on the previous noise term. Specifically, the noise at time t is σiϵi,t+ρσiϵi,t−1.

Thus, the first forecast value Yi,T+1 depends on both the future unobserved noise draw

ϵi,T+1 and the final in-sample noise term ϵi,T . ϵi,T can be inferred from the data. To best

initialize the forecast, we can estimate ϵi,T along with the parameters θi.
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To do this, we define a posterior distribution that explicitly includes ϵi,T :

π(θi, ϵi,T | Yi,1:T ) =
p(Yi,1:T | θi, ϵi,T )p(ϵi,T )π(θi)

p(Yi,1:T )
∝ p(Yi,1:T | θi, ϵi,T )p(ϵi,T )π(θi)

where p(Yi,1:T | θi, ϵi,T ) is the likelihood under the DGP, π(θi) is the parameter prior, and

p(ϵi,T ) = N (0, 1) matches the standard-normal distribution of ϵi,T under Eq. 4.17.

For all s ∈ {1, . . . , T − 1},

xi,s = σiϵi,s + ρσiϵi,s−1

as before. For s = T ,

xi,T − σiϵi,T = ρσiϵi,T−1.

For the time series Yi,1:T , we can perform Bayesian inference on the transformed data xi,1:T

to estimate parameters θi and ϵi,T , where

X̃i :=



xi,1

...

xi,T−1

xi,T − σiϵi,T


= σi



ρ 1 0 · · · 0 0

0 ρ 1 · · · 0 0

...
. . .

. . .
. . .

...

0 · · · 0 ρ 1 0

0 · · · 0 0 0 ρ





ϵi,0

ϵi,1

...

ϵi,T−2

ϵi,T−1


.

The innovation vector includes ϵi,0 (the implicit pre-sample innovation from the stationary

MA(1) assumption), making the matrix T × T and the innovation vector of length T . We

adjust the covariance matrix from Eq. 4.29 to account for estimating ϵi,T . The modified
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covariance matrix is

V ∗
i = σ2

i



1 + ρ2 ρ 0 0 · · · 0

ρ 1 + ρ2 ρ 0 · · · 0

0 ρ 1 + ρ2 ρ · · · 0

...
. . .

. . .
. . .

. . .
...

0 · · · ρ 1 + ρ2 ρ 0

0 · · · 0 ρ 1 + ρ2 ρ

0 · · · 0 0 ρ ρ2



(4.33)

where the last diagonal element is now ρ2σ2
i instead of (1 + ρ2)σ2

i .

Using the modified covariance matrix V ∗
i and vector X̃i, we could update the joint

PDF p(xi,1, . . . , xi,T ) from Eq. (4.30) and generate the posterior distribution through

Metropolis–Hastings sampling.

Setting ϵi,T = 0 in practice. We set ϵi,T = 0 universally. Since E[ϵi,T ] = 0 by

construction, this simplification reduces model complexity without substantially affecting

forecast quality (full justification in Section 4.13). The standard covariance matrix Vi from

Eq. 4.29 then applies (rather than V ∗
i ), and the posterior reduces to π(θi | Yi,1:T ).

4.7.3 Distributional forecasts

We generate distributional forecasts by sampling from the posterior π(θi | Yi,1:T ). We draw

Nsamples samples (after thinning), and for each sample m ∈ {1, . . . , Nsamples} use θm,i to

forecast an adoption path Ym,i,t that the technology could follow.

We forecast for t ∈ {T + 1, . . . , T + τ}, where τ is the forecast horizon. Since ϵi,T = 0,

the first forecast step at T +1 has noise term σm,iϵi,T+1 (as ρϵi,T = 0). For a τ -step forecast
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over [T + 1, T + τ ], the MA(1) noise vector is

ϵT+1:T+τ,m,i = σm,i



ϵi,T+1 + ρϵi,T

ϵi,T+2 + ρϵi,T+1

...

ϵi,T+τ + ρϵi,T+τ−1


(4.34)

with ϵi,t ∼ N (0, 1) i.i.d. for t ∈ {T + 1, . . . , T + τ}. The first component ϵi,T+1 + ρϵi,T

shows why ϵi,T matters: it propagates into the one-step-ahead forecast through the MA(1)

structure.

4.7.4 Implementation: forecasting procedure for a time-

series

Algorithm 2 outlines the full procedure for a single technology time-series: data normalisa-

tion, Bayesian inference, and forecast generation. Key steps are detailed below.

Data normalization. To assess many technologies simultaneously and fairly, we

normalize data to be able to set priors across technologies at each diffusion level. ki

and σi are approximately scale invariant across diffusion levels and technologies, so we

do not require normalization. However, Li and t0,i can vary significantly in scale across

technologies, making it challenging to define a single prior for all technologies. For example,

Li can range from 102 (e.g., fraction of population adopting a behavior) to 108 (e.g., number

of mobile subscriptions). Similarly, t0,i can vary from being in the 1100s (e.g., adoption of

monasteries) to the 2000s (e.g., mobile phones). We perform two normalization procedures

that help inform prior distributions. First, we normalize adoption data by the maximum

observed value,

Ỹi(t) =
Yi,t

Yi,max
,
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where Yi,max = maxt(Yi,t). Hence, at any diffusion level, maxt Ỹi(t) = 1. The value of

L̃i ≡ Li/Yi,max is constant across technologies for a given diffusion level. For example, at

10% diffusion, L̃i ≈ 10 and at 50% diffusion, L̃i ≈ 2.

Second, we shift the time axis so that the first observation occurs at t̃ = 0,

t̃ = t− t1.

This makes the time of the first observation consistent across technologies, reducing cross-

technological variation in the t0,i prior. Some variation in t0,i remains because the inflection

point can occur at different times relative to the first observation.

Defining prior distributions. We set weakly informative priors for the parameters

θi = {Li, ki, t0,i, σi} of each technology. Each parameter has a three-parameter shifted

Gamma prior. We write X ∼ Γ(α, ℓ, s) to mean X = ℓ + Z with Z ∼ Γ(α, s) [313]. Here

ℓ is the lower bound of the support, s is the scale, and α is the shape. The mode is

ℓ + (α− 1) s for α ≥ 1. When α = 1 the prior reduces to a shifted exponential with origin

at ℓ. For numerical stability we sample the logarithm of every parameter except Li.

We apply the same prior to every technology and at every forecast origin. We first

normalise each series so the last observed value yTmax = 1, where Tmax is the time index of

the last observation. The asymptote L̃i is then a multiple of current adoption. The prior is

π(θi) =



L̃i ∼ Γ(2, 1, 35),

t0,i ∼ Γ
(
3, max(5, Tmax − 3/k̂ssr,i), 30

)
,

ki ∼ Γ(1, 0, 1),

σi ∼ Γ(1, 0, 1),

(4.35)

where k̂ssr,i is a preliminary growth-rate estimate defined below. We call this the universal
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prior, a one-size-fits-all rule, not a prior hand-tuned per technology or diffusion level.

The lower bound ℓ = 1 on L̃i enforces L̃i > 1. This encodes that the technology has

not yet saturated, so its asymptote lies above current adoption.

We anchor the t0,i location to each series through the growth-rate estimate k̂ssr,i. We

obtain it from a least-squares fit of the GFP transform (Eq. 4.16) profiled over Li. If this

fit fails, we fall back to k̂ssr = 0.15. Anchoring the location at Tmax alone would assume the

inflection has not yet occurred. The offset −3/k̂ssr,i relaxes this. A slower growth estimate

gives a larger offset, so the prior then allows an earlier inflection. The fallback value of

0.15 is slow, giving an offset of about 20 time steps. The lower bound then does not rule

out the true inflection while the technology is below about 83% diffusion (for β = 2/3).

Beyond that level the post-inflection stage of the S-curve is clearly visible, so the prior can

be adjusted by hand. Section 4.16 gives the derivation.

The ki and σi priors are unit exponentials. We use this same prior for the backtests of

main paper Figure 3 and the solar and wind forecasts of main paper Figure 4.

We keep the prior simple and cross-technology, with no hand-tuning. This shows that

a single automatic rule already gives well-calibrated forecasts across the 120-technology

set. Section 4.16 gives the full design rationale and sensitivity analyses. It also backtests

the prior on a larger 154-technology dataset and shows how more informative technology-

or diffusion-stage-specific priors improve forecasts. Section 4.10 discusses this further.

Prior configuration files. We implement the prior distributions of Eq. (4.35) in

mcmc setup.py for the standard model. For forecasting market shares (the fraction of

a market rather than absolute adoption levels), we suggest adjusting the Li prior to

reflect that shares are bounded in [0, 1], as implemented in mcmc setup shares.py. For

the asymptotic growth model of Section 4.17, which accounts for market growth via an

exogenous exponential parameter, mcmc setup ass 1.py adjusts the Li and t0,i location
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parameters.

Metropolis–Hastings sampling. We perform Metropolis–Hastings MCMC sampling

to generate samples from the posterior distribution [166, 314]. Algorithm 2 describes

the full forecasting procedure. We base the numbers described in the algorithm on our

implementation for the results shown in Figure 3 of the main text, but these can be adjusted

as needed.
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Algorithm 2: Distributional forecasting procedure for technology diffusion

Input: Technology time series {Yi,t} for technology i, forecast horizon τ
Output: Distributional forecast for t ∈ {T + 1, . . . , T + τ}
Step 1: Load and normalize data:

Load observed time series: {t1, Yi,1}, . . . , {tT , Yi,T }
Calculate normalization constant: Yi,max = max(Yi,1, . . . , Yi,T )
Normalize data: Ỹi,t = Yi,t/Yi,max for all t ∈ {1, . . . , T}

Shift time: t̃ = t− t1 so first observation occurs at t̃ = 0
Step 2: Bayesian inference:

Define prior distributions π(θi) for θi = {Li, ki, t0,i, σi}
Optional: Set universal parameters: β = 2/3, ϵi,T = 0, and ρ = 0.8
Calculate log-likelihood log p(Ỹi,1:T | θi) using Eq. (4.32)
Perform Metropolis–Hastings MCMC sampling:
Generate NMCMC = 1,000,000 samples from posterior
Thin by a factor of 100 to adjust for autocorrelation between MCMC samples

Retain Nsamples = 10,000 samples
Step 3: Generate forecast trajectories:

foreach posterior sample m = 1 to Nsamples = 10,000 do
Extract parameters: θm,i = {Lm,i, km,i, t0,m,i, σm,i}
foreach forecast time t ∈ {T + 1, . . . , T + τ} do

Draw ϵi,t ∼ N (0, 1)
B-R forecast:
Ỹm,i,t = Lm,i

[
1 + exp

(
−km,iβ(t− t0,m,i) + βσm,i(ϵi,t + ρ ϵi,t−1)

)]−1/β

Update lag: ϵi,t−1 ← ϵi,t
end

Rescale: Ym,i,t = Ỹm,i,t · Yi,max for t ∈ {T + 1, . . . , T + τ}
end

Step 4: Construct distributional forecast:
foreach forecast time t do

The distribution of Ym,i,t across m = 1, . . . , Nsamples samples
represents the forecast distribution at time t

end
Step 5 (Optional): Apply shifted correction:

foreach posterior sample m do

Generate model value at last training time using θm,i: Ŷm,i,T

Compute GFP shift between observed and model values:

δm,i = 1
β log

(
Lβ
m,i

Y β
i,T

− 1

)
− 1

β log

(
Lβ
m,i

Ŷ β
m,i,T

− 1

)
Apply shift to all forecast times in GFP space and invert to get Y shifted

m,i (t)

end
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Distributional forecasts for the B-R curve. The τ -step forecast under posterior

sample m is the vector

Y m,i(τ) =
Lm,i

(1 + exp (−km,iβ(τ − t0,m,i) + βϵT+1:T+τ,m,i))
1/β

, τ =


T + 1

...

T + τ

 ,

with ϵT+1:T+τ,m,i the forecast-period noise vector from Eq. 4.34. The component-wise

forecasts {Ym,i,t}
Nsamples

m=1 at each t ∈ {T + 1, . . . , T + τ} form the predictive distribution at

time t.

Shifted and nonshifted forecasts. We consider two forecast variants. The nonshifted

forecast uses the trajectory Y m,i(τ) directly, as described above. The shifted variant applies

a post-hoc correction in GFP space. For each posterior sample m, let Ŷm,i,T denote the

model’s fitted value at the last training time T . We compute the GFP transform (Eq. 4.16)

of both the observed data point and the model value,

δm,i =
1

β
log

(
Lβ
m,i

Y β
i,T

− 1

)
︸ ︷︷ ︸
observed GFP at T

− 1

β
log

(
Lβ
m,i

Ŷ β
m,i,T

− 1

)
︸ ︷︷ ︸

model GFP at T

,

and add δm,i to every forecast-period GFP value before inverting back to adoption levels.

Then the model fitted value at the last training observation is equal to the true value

(i.e., the residual is zero by construction). The shifted variant can reduce point-forecast

error and improve calibration, with the consequence of slightly overdispersed forecast

distributions at short forecast horizons (See Section 4.16.)
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4.7.5 Adaptive widening of the predictive distribution

This subsection develops the adaptive widening shown in the before/after coverage panels

of main paper Figure 3(e,f). Bayesian prediction intervals are often miscalibrated when

data are limited or the model is misspecified. A nominal c% interval then need not contain

the outcome c% of the time, and post-hoc recalibration of the predictive distribution is

a standard remedy [159, 315]. Our forecasts show this pattern. On the 120-technology

backtesting set the shifted forecast distribution is mildly under-dispersed (Section 4.16).

The empirical probability integral transform (PIT) CDF sits below the diagonal at high

percentiles, so the prediction intervals are too narrow. Part of this overconfidence is

attributable to the noise misspecification discussed in Section 4.9.

We correct it post hoc, without re-specifying the noise model. We apply a median-

preserving transform to the per-technology posterior predictive samples, so every point

forecast is unchanged. We deliberately use a single-parameter form rather than a flexible

nonparametric recalibration. This limits the risk of overfitting the backtesting set. The

transform is asymmetric and stretches the upper tail more strongly than the lower tail. The

exponent is selected per technology from a small lookup table calibrated on the backtesting

set. When applied to forecasts, the procedure uses only the training data and the posterior.

Out-of-sample robustness. The recalibration generalises beyond the technologies

used to fit it. Leave-one-technology-out cross-validation reproduces the in-sample calibration

(Table 4.15). On correctly-specified surrogate data the fitted exponent is close to one, so

a well-specified model receives almost no widening (Table 4.16). Section 4.16.4 gives the

details.
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4.7.5.1 The widening transform

Given posterior predictive samples {yi} with median m, we apply a different exponent

above and below the median:

y cal
i =


m (yi/m)w yi > m,

m (yi/m)
√
w yi ≤ m,

w ≥ 1. (4.36)

In log-space, log-deviations from the median are scaled by w in the upper tail and
√
w in the

lower tail. The median is preserved exactly because w does not affect the median forecast.

We apply a smaller exponent to the lower tail because forecasts at lower percentiles are

better calibrated. The adoption floor is easier to forecast correctly than the maximum

saturation level. The empirical justification for the asymmetric form (versus a symmetric

variant in which the same exponent is applied above and below the median) is reported in

Section 4.16.4.

4.7.5.2 The diffusion-dependent exponent

The required widening depends on the technology’s current diffusion stage. We therefore

parametrise w as a function of the estimated current diffusion fraction d̂i.

We estimate technology i’s current diffusion stage from the existing MCMC samples as

d̂i =
1

L̃med
i

, L̃med
i ≡ P50

[
π(L̃i | Yi,1:T )

]
, (4.37)

the posterior median of the normalised asymptote. Since the data are normalised so

maxt Yi,t = 1, the ratio 1/L̃med
i is technology i’s diffusion fraction at the last training

observation. The estimate d̂i is read off the existing MCMC samples and requires no

additional fitting.

We then look up the widening exponent by log-log linear interpolation (linear in log d̂
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and logw) between four anchors calibrated by KS minimisation on the 120-technology

backtesting set (Section 4.16.4, Table 4.13):

logw∗(d̂) = logw∗
j +

log d̂− log dj
log dj+1 − log dj

(
logw∗

j+1 − logw∗
j

)
, dj ≤ d̂ ≤ dj+1, (4.38)

with anchors

w∗(0.05) = 1.93, w∗(0.10) = 2.72, w∗(0.25) = 3.58, w∗(0.50) = 1.73.

Outside the anchor range we clip: w∗(d̂) = 1.93 for d̂ ≤ 0.05 and w∗(d̂) = 1.73 for d̂ ≥ 0.50.

4.7.5.3 Per-technology calibration procedure

For technology i with posterior predictive samples {Ym,i(t)}
Nsamples

m=1 at any forecast time t:

1. Estimate the current diffusion level. Compute d̂i = 1/L̃med
i from Eq. (4.37).

2. Look up the widening exponent. Read w∗(d̂i) from Eq. (4.38), clipped to the

anchor range.

3. Apply the asymmetric transform. For each forecast time t let mi,t =

medianmYm,i(t) be the predictive median. Each sample is transformed via Eq. (4.36)

with w = w∗(d̂i):

Y cal
m,i(t) =


mi,t

(
Ym,i(t)/mi,t

)w∗(d̂i) Ym,i(t) > mi,t,

mi,t

(
Ym,i(t)/mi,t

)√w∗(d̂i) Ym,i(t) ≤ mi,t.

The median is preserved exactly. The upper tail is stretched in log-space by w∗; the

lower tail by
√
w∗.
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4.7.5.4 Recommended practice

We recommend applying the adaptive widening transform (Eqs. (4.36)–(4.38)) to forecasts

produced with this method. The widened intervals are better calibrated on the 120-

technology backtesting set, with reductions at every forecast origin (main paper Figure 3f,

Section 4.16.4).

We apply the adaptive widening to the solar PV and wind forecasts reported in the

main text (Figure 4(d-f)) and in Section 4.19. We do not apply it in two SI contexts where

the goal is to characterise the raw model. That is, in the empirical energy backtest of

Section 4.17, which displays baseline behaviour against ground truth, and the un-widened

calibration diagnostics of Section 4.16. Every figure states explicitly whether the widening

is applied.

4.7.6 Software implementation: how to run the forecasting

procedure

We implement the procedure in Python using NumPy [316], SciPy [317], Pandas [318],

and statsmodels [319]. Below we list the MCMC hyperparameters and outline the run

procedure.

4.7.6.1 MCMC hyperparameters.

We set the following hyperparameters for MCMC sampling:

1. Number of MCMC samples: NMCMC = 1,000,000

2. Thinning factor: 100 (to reduce autocorrelation)

3. Target acceptance rate: 0.234 (optimal for Metropolis–Hastings sampling)

4. Warm-up \ burn-in period: 100,000 (to allow the scale to converge to the target
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acceptance rate)

The values above are the defaults we use, but can be adjusted based on computational

resources and convergence diagnostics.

Number of MCMC samples. The number of samples can be increased for more

accurate posterior estimates, at the cost of longer computation time.

Number of MCMC chains. We run a single MCMC chain for each technology.

Running multiple chains can help assess convergence, but increases computation time.

Target acceptance rate. The optimal acceptance rate of Metropolis–Hastings sam-

pling is 23.4% [168, 169], although this is generally seen as an upper bound, and it may

sometimes be lower [320, 321]. In general, an acceptance rate between 10− 25% is consid-

ered acceptable. If the acceptance rate is lower, it means that the proposed distribution is

too wide (i.e. there are many samples in low probability regions), and if it is higher, the

proposed distribution is too narrow (i.e. the chain is not exploring the parameter space

sufficiently).

The thinning factor. The thinning factor can be modified based on the observed

autocorrelation in the chains (See Ref. [322] for a discussion on optimal thinning parameter).

Thinning is not necessary when conditions are optimal (e.g. sufficiently long sampling run

and optimal acceptance rate [323]), but Talts et al. [322] show that generally thinning can

significantly improve the posterior predictive performance.

The warm-up \ burn-in period. This period allows adjustment of the scale param-

eter of the proposal distribution (smaller scale for lower acceptance rates, larger scale for

higher acceptance rates) to reach the target acceptance rate.
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Sensitivity of hyperparameters. We recommend ≥ 1,000,000 samples, a thinning

factor of ≥ 100, an acceptance rate of 10–25%, and a burn-in of ≥ 100,000. Sensitivity

tests confirm robustness across reasonable ranges: increasing samples to 5,000,000, raising

the thinning factor to 1,000, varying the acceptance rate within 10–25%, and extending

burn-in to 500,000 all leave forecast quality essentially unchanged. Burn-in below 100,000

produces poorer mixing and less accurate posteriors; with burn-in above this floor, the

thinning factor has only a marginal effect (mainly on the upper tail). Parallel chains (1 vs

4) likewise do not change forecast quality, so we run a single chain per technology.

4.7.6.2 How to run the forecasting procedure.

To run the forecasting procedure, one needs to run two scripts: (1) Either backtest.py3

or forecast.py4 and (2) plot forecast.py. The backtest.py or forecast.py script

performs Bayesian inference to obtain posterior samples, while plot forecast.py generates

and plots distributional forecasts using the posterior samples. The steps are as follows.

1. Install the required libraries:

pip install numpy scipy pandas statsmodels matplotlib

2. Set up the data location pathway for saving and loading files.

3. Load the observed data for the technology of interest and save it in two arrays: one

for time points and another for adoption values.

4. Define training/testing split based on the desired diffusion level (e.g., 10%, 25%, etc.)

or number of observations.5

3If backtesting for a specified observed diffusion level
4If forecasting only, or backtesting for a specific observed number of data points
5To forecast only, set training data to all available data points. That is, define sufficiently large

diffusion level or number of observations to include all data points in training.
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5. Set up the prior distributions for the model parameters using the appropriate configu-

ration file if forecasting (mcmc setup.py for standard models, mcmc setup shares.py

for share models, or mcmc setup ass.py for asymptotic growth models), following

the structure outlined in Eq. (4.35). For backtesting results presented in the main

paper and SI, we always used mcmc setup.py and the universal prior unless otherwise

stated.

6. Set specific hyperparameters for MCMC sampling, such as the number of samples,

thinning factor and acceptance rate.

7. Run the MCMC sampling to obtain posterior samples (saved in a CSV file).

8. The separate script (plot forecast.py) implements the forecasting procedure:

(a) Load the posterior samples from the CSV file.

(b) Set the forecast horizon, τ (number of time steps to forecast).

(c) Generate forecast trajectories using the posterior samples, as described in Step

3 of Algorithm 2.

(d) Construct the distributional forecast from the generated trajectories.

(e) Generate a figure to visualize the forecast trajectories (saved as

forecast τ.png).

(f) If backtesting, compare the forecast trajectories to the actual observed data

beyond the training period (saved as backtest τ.png), where τ defines the

forecast horizon.

9. Save the forecast trajectories to a CSV file for further analysis.
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4.8 Evaluating distributional forecast performance

We assess whether our forecast distributions are probabilistically calibrated [159]. A

calibrated forecast neither over- nor under-states uncertainty. We measure calibration

with the probability integral transform (PIT) [160, 324], the methodology underlying the

coverage panels of main paper Figure 3(d-f).

The PIT. Let FYT+τ |Y1:T
be the CDF of the predictive posterior p(YT+τ | Y1:T ) for

a future value YT+τ given past data Y1:T . The PIT of an observed value yT+τ is its

quantile under this CDF, FYT+τ |Y1:T
(yT+τ ). If the forecast is calibrated, the PIT is uniform,

FYT+τ |Y1:T
(yT+τ ) ∼ U(0, 1).

Estimating the PIT. The predictive posterior is rarely available in closed form.

Marginalising over the posterior and exchanging the order of integration writes the predic-

tive CDF as the posterior expectation of the per-parameter CDF. We approximate this

expectation by Monte Carlo over posterior draws θ(n) ∼ π(θ | Y1:T ):

FYT+τ |Y1:T
(yT+τ ) =

∫ yT+τ

−∞
p(YT+τ | Y1:T ) dYT+τ =

∫
FYT+τ |θ(yT+τ )π(θ | Y1:T ) dθ

≈ 1

N

N∑
n=1

FYT+τ |θ(n)(yT+τ ),

(4.39)

where FYT+τ |θ(n) is the predictive CDF of YT+τ under parameters θ(n). Equivalently, we

take the empirical CDF of the corresponding predictive draws Y
(n)
T+τ ,

FYT+τ |Y1:T
(yT+τ ) ≈ 1

N

N∑
n=1

I
(
Y

(n)
T+τ ≤ yT+τ

)
, (4.40)

where I(·) is the indicator function. Both are consistent estimators of the same predictive

CDF. We use the empirical-CDF form in the calibration analysis of Section 4.16.
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Confidence band. Under perfect calibration the PIT values are U(0, 1) [325], so

a Q-Q plot of the empirical PIT distribution against U(0, 1) lies on the 45◦ line. A

convex deviation below the diagonal indicates under-dispersion (overconfidence); a concave

deviation indicates over-dispersion (underconfidence). We place a 95% confidence band

on the plot under this uniform null. For a sample of n independent PIT values, the k-th

order statistic of n i.i.d. U(0, 1) draws follows U(k) ∼ Beta(k, n + 1 − k) [326], and the

pointwise 95% band of these Beta quantiles gives the grey envelope in the calibration

figures. The binomial counterpart for a PIT histogram is the Clopper–Pearson interval

[327], under the same null. When a panel pools several diffusion targets or forecast origins,

each technology contributes one correlated PIT value to each, so we size the band with the

smallest n entering the panel, the most conservative choice. The empirical Q-Q analysis is

in Section 4.16.

Effect of the prior. Calibration depends on how well the prior matches the true

parameter distribution. Under a correctly specified model, a prior that is too narrow tends

to give overconfident (underdispersed) forecasts, and a prior that is too wide tends to give

overdispersed forecasts. The effect grows over the forecast horizon. This is why we keep

the priors weakly informative (Section 4.7). On correctly-specified surrogate data forecast

with our universal prior, the fitted widening exponent is close to one. This confirms that

little recalibration is needed when the model is correct (Section 4.16).

4.9 Empirical surrogate datasets

Purpose. Several analyses compare empirical features to a benchmark generated by the

Bertalanffy-Richards model itself. These features include parameter distributions, ensemble

growth, residual variance, and forecast errors. We call the benchmark dataset an empirical

surrogate. The empirical surrogate inherits per-technology parameter estimates from the
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data, and gives us a null distribution under the assumed DGP. Unlike a forecast for a real

technology, where the true parameters are unknown, the surrogate is generated under the

model itself, so the model is correctly specified by construction. We then compare the

empirical features against this null.

Generating procedure. We work with N empirical technologies (typically N = 120)

and fix the technology-invariant parameters (β, ρ, ϵi,T ) = (2/3, 0.80, 0) from Section 4.13.

We estimate θ̂i = {L̂i, k̂i, t̂0,i, σ̂i} in two steps. First, we fit L̂i by non-linear least squares

of Eq. 4.6 to {(t, Yi,t)}. Second, conditional on L̂i, we run OLS of the GFP transform

f(Yi,t; L̂i, β) on time t. The OLS slope and intercept give k̂i and t̂0,i, and the residual

standard deviation gives σ̂i after the
√

1 + ρ2 correction for MA(1) noise (Section 4.13).

We then draw M surrogate datasets, each with N time-series,

Y
(s)
i (t) ∼ P

(
Yi,t

∣∣∣ θ̂i, β, ρ, ϵi,T) , s = 1, . . . ,M, (4.41)

where P is the DGP of Eq. 4.17. Some sections test whether a technology-invariant choice

is empirically justified, and there we vary that parameter locally. For example, Section 4.13

sweeps β and ρ to assess invariance. Section 4.15 substitutes the Gompertz and logistic

DGPs for direct model comparison.

Estimating σ̂i on the 1–95% diffusion range. The shock scale σ̂i sets the

surrogate’s intrinsic noise floor. It also bounds the forecast accuracy any well-specified model

can attain. When we use the surrogate to benchmark forecast performance (Section 4.16),

we estimate σ̂i from the GFP-transformed residuals over the central portion of the diffusion

range,

di(t) := Yi,t/L̂i ∈ [0.01, 0.95], (4.42)
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Here di(t) is the empirical diffusion share, the estimated counterpart of the normalised

form Y
(n)
i (t) = Yi,t/Li defined in Section 4.6. Two model-misspecification sources motivate

this truncation. (i) Early diffusion. The B-R model assumes approximately exponential

growth at low d (Section 4.6). Empirically, a minority of technologies grow faster than

exponential at d ≲ 0.5% and decay to exponential thereafter [91] (Section 4.14). (ii) Near

saturation. The additive-Gaussian-in-GFP noise specification of Eq. 4.17 forces level-space

noise to vanish as d→ 1, but empirical series retain noise there. Including either tail forces

the least-squares fit to absorb structurally unmodelled variance into a larger σ̂i. We set the

lower bound just above the Comin threshold so we retain observations at the forecast origins

(dtrain ∈ {0.05, 0.10, 0.25, 0.50}) used in Section 4.16. On the 120-technology dataset this

truncation reduces the cross-technology median of σ̂i from ≈ 0.47 on the full series to ≈ 0.28

on the 1–95% range. We also use two alternatives as sensitivity checks in Section 4.16.

A tighter window σ̂5–95
i (d ∈ [0.05, 0.95], cross-technology median ≈ 0.24) drops more

low-diffusion data. A wider window σ̂0–95
i (d ∈ [0, 0.95], cross-technology median ≈ 0.33)

keeps all observations below the saturation tail. The wider window tests whether the choice

of the lower cut matters, and Section 4.16 confirms it does not change the conclusions.

Analytical expected error (interpretive approximation). The decomposition

below is a first-order approximation, not a rigorous bound. We use it to build intuition

for the empirical error patterns of Section 4.16. We validate all numerical claims there

against exact surrogate-based ALE. A first-order Taylor expansion of the absolute log-error

ℓi,t ≡ log(Ŷi,t/Yi,t) around the true parameters (Li, ki, t0,i) yields

ℓi,t ≈
δLi

Li
+ q(di,t)(δki h − ki δt0,i + ϵi,t) , q(d) ≡ 1− dβ, (4.43)
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where δLi, δki, δt0,i are parameter biases and h is forecast horizon. We denote the three

first-order contributions as

L0 ≡ |δLi/Li| (level),

U(h) ≡ q(d) |δki h− ki δt0,i| (curvature, grows with horizon),

S(σ) ≡ q(d)σϵ,i
√

2/π (shock),

with σϵ,i = σi
√

1 + ρ2 the MA(1)-corrected shock scale: the marginal standard deviation of

the GFP-space residual at any single time point. Since the noise satisfies ηi,t = σi(ϵt+ρϵt−1)

with ϵt ∼ N (0, 1) i.i.d. (Section 4.6), var(ηi,t) = σ2
i (1 + ρ2) and thus sd(ηi,t) = σϵ,i.

Operationally, σϵ,i is the typical magnitude by which the observed GFP value deviates from

the deterministic B-R trend; the underlying innovation scale is σi = σϵ,i/
√

1 + ρ2. We

estimate σi from the empirical residual standard deviation after the OLS fit to the GFP-

linearised model (see Section 4.13 and the procedure described in this section). Treating

the three sources as approximately independent, the expected absolute log error scales as

E[ALE | d] ≈
√
L2
0 + U(h)2 + S(σ)2. (4.44)

Under correct parameters (L0 = U = 0) this reduces to the pure-shock floor

E[ALE | d, correct params] = (1− dβ)σϵ,i
√

2/π, (4.45)

which decreases monotonically from σϵ,i
√

2/π at d→ 0 to 0 at d→ 1.

Worked surrogate example. Using the cross-technology median noise scale on the 1–95%

range, σ̂1–95 ≈ 0.28 (median of σ̂i across the 120 technologies), the MA(1) shock standard

deviation is σϵ = σ̂1–95
√

1 + ρ2 ≈ 0.28
√

1 + 0.82 ≈ 0.36. Evaluating Eq. (4.45) at the
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typical forecast origin d = 0.05 with β = 2/3 gives the irreducible pointwise ALE floor

E[ALE | d=0.05, correct params] = (1− 0.052/3)︸ ︷︷ ︸
q(d)≈ 0.86

· 0.36︸︷︷︸
σϵ

·
√

2/π︸ ︷︷ ︸
≈ 0.80

≈ 0.25,

where q(d) is the GFP variance-reducing factor of Eq. (4.43) (close to 1 at small d), σϵ

is the MA(1) shock standard deviation, and
√

2/π converts the standard deviation of

a centered Gaussian to its mean absolute value. The product corresponds to a ≈ 28%

relative error in level space (e0.25 − 1). This is the expected pointwise ALE under perfect

parameters and noise scale σ̂1–95, and therefore the best accuracy any model can reach at

d = 0.05 forecast origin. The tighter alternative σ̂5–95 ≈ 0.24 lowers the floor at d = 0.05

to ≈ 0.21, and a wider alternative σ̂0–95 ≈ 0.33 increases the floor. We use σ̂0–95 as a

sensitivity check in Section 4.16.

Shape of the well-specified surrogate ALE. The forecasts in Section 4.16 use a per-sample

FP shift that pins each posterior curve to the last training observation. After the shift,

all parameter-uncertainty contributions vanish at the training boundary and grow with

forecast horizon. The noise floor S(σ) decreases with diffusion. The empirical surrogate

datasets in Section 4.16 are approximately monotone-increasing in diffusion within the

observable range up to 95%. The pronounced hump observed in the empirical pointwise

ALE in Section 4.16 (main paper Figure 3a, b) is therefore not a feature of the B-R null.

It reflects departures of the empirical data from the B-R DGP.

Caveats. Eqs. 4.43–4.45 are interpretive approximations, not proven bounds. They

break down in three ways. (1) The decomposition is first-order in (δLi, δki, δt0,i) and

treats the biases as independent. In practice the GFP-space regression couples them.

Overestimating Li implies underestimating ki and overestimating t0,i (opposite signs for

the symmetric case). Second-order terms become non-negligible for large δLi. (2) The

decomposition collapses the MA(1) covariance to its variance contribution σ2
ϵ,i = σ2

i (1 +ρ2),
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dropping the lag-1 covariance ρσ2
i . For averaged residuals over the relevant window lengths,

this understates the standard deviation by a factor of ≈ 1.4. (3) Eq. 4.45 mixes the

L1 shock scale (
√

2/π) with quadratic aggregation. This is convenient for the additive

decomposition but is not the exact moment of |ℓi,t|. Numerical claims derived from these

equations are therefore approximate. The surrogate datasets of Eq. 4.41 retain the full

MA(1) structure and parameter coupling, and we report exact ALE on those surrogates in

subsequent figures.

Diagnostic-comparison estimate. For diagnostic comparisons that test whether

the DGP can replicate an empirical feature of the ensemble itself (Sections 4.13, 4.14,

4.15), we retain the full-series estimate of σ̂i. These comparisons are not benchmarks of

forecast-error magnitude, so the truncation argument does not apply. Section 4.10 discusses

the broader implications of the noise-model misspecification and its link to the post-hoc

widening of prediction intervals in Section 4.7.5.

4.10 Limitations

With finite data, prior distributions influence Bayesian posteriors and forecasts [136, 328].

We normalise across technologies so that a single transparent prior applies to all, regardless

of the units of L.

We use empirical Bayesian inference [144]: prior hyperparameters are estimated from

the same data later used to compute the posterior. This double use can bias results

[145, 329], but it may also yield more accurate forecasts and improved robustness on short

series [137, 144]. Section 4.16 shows reasonable out-of-sample performance, indicating that

the posterior accurately balances prior and data evidence [157].

Our Bayesian inference relies on MCMC methods, which are inherently stochastic

[173, 330, 331]. We run a single chain per technology for computational efficiency; in
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real-data backtesting we confirmed that running parallel chains does not materially change

forecast quality (results not shown). Finite computational resources mean errors remain in

posterior samples [331], and finite sampling from the posterior predictive distribution adds

variability to the computed prediction intervals [136]. In particular, observations near the

boundary of the 95% prediction interval may switch between inside and outside across

runs: small MCMC-driven shifts in the posterior predictive move the interval edge across

them.

Throughout the text, we avoid over-interpreting results that may depend on a particular

seed or prior assumption. For example, forecasting from data covering only the first 1% of

diffusion provides so little information that the prior dominates the posterior.

Noise model. The DGP uses a single additive Gaussian shock in GFP space (Eq. 4.17),

which is structurally misspecified at the diffusion endpoints (Section 4.9). This contributes

to the moderate overconfidence of the B-R prediction intervals reported in Section 4.16

(main paper Figure 3(e,f)), which we correct post hoc via the widening transform of

Section 4.7.5. A fully model-based remedy would replace the single shock with a het-

eroscedastic specification, or augment it with a second source of variance acting in level

(or log-level) space, to capture residual variability where the GFP shock vanishes near

saturation. Boswijk and Franses [310] propose a heteroscedastic error structure for the

Bass diffusion model on essentially these grounds; a similar extension could in principle be

applied to the B-R model used here. Such specifications, however, introduce identification

challenges and add parameters per technology that are difficult to pin down on the short

data sets considered here. We leave this extension to future work.

Universal shape parameter. The B-R curve uses a single technology-invariant

exponent β = 2/3 (Section 4.13). The cross-section supports this value on average (main

paper Figure 2d), but true technology-specific exponents would shift the inflection diffusion
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and the asymmetry of each fitted curve. Technology-specific estimation of βi worsened PIT

calibration in our backtests (Section 4.16.6), indicating that βi is weakly identified per

series under our priors. A coarser grouping by sector or by diffusion stage is a plausible

refinement that we leave to future work.

Saturation prior at low diffusion. The universal L̃ prior is wide and has its

mode well above the observed maximum. At low forecast origins the prior dominates

the likelihood and the cross-technology posterior median of L̃ can sit above the true

normalised asymptote on average (Section 4.16.2.3). This is by design. The universal

prior demonstrates that a single prior, combined with technology-specific heuristics for

the t0 location, produces well-calibrated forecasts across forecast origins and horizons

(Section 4.16, main paper Figure 3(e,f)). It is a transparent default, not a ceiling. We

encourage practitioners to exploit any prior information available for their application.

For example, those with diffusion-stage knowledge can replace the universal prior with

the tighter, stage-conditional alternative of Section 4.16.7, which lowers MedALE on the

calibration set. A complementary direction for future work is to adjust the k prior to

compensate for the noise-misspecification bias identified in Section 4.16.2.3.

4.11 Data selection

We compile a technology diffusion dataset comprising time-series spanning the 12th to 21st

centuries at global, regional (e.g. EU), and country levels. To provide ground truth, we

keep only technologies with data on both early and late stages of diffusion. We perform

a six-step cleaning procedure that reduces the dataset from 1362 to 120 time-series: (1)

remove death phases (post S-curve asymptote), (2) ensure sufficient sample size, (3) require

complete S-curve representation (i.e., enough coverage of early and late diffusion), (4)

remove duplicated technologies and non-technology time-series, (5) remove outliers, and (6)
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eliminate highly correlated time-series. We discuss limitations at the end of this section.

Defining technology diffusion time-series. We do not impose strict definitions

of technology or diffusion, to keep as many series as possible and avoid bias. Technology

diffusion time-series measure the adoption level of a specific technology over time, repre-

sented as stocks (cumulative adoption). In some cases, the data is in shares (percentage of

all potential adopters); we keep these but note that in- and out-of-sample performance

is broadly similar. Some time-series from our initial dataset arguably do not represent

technology diffusion (e.g., GDP, a measure of democracy, governmental legislation), and

we remove these. Where the case is borderline, however, we tend to keep the series (e.g.,

gold reserves, monasteries). Our results are not sensitive to these choices.

4.11.1 Datasets

Our initial dataset combines data from CHAT [299], HATCH [276], World Bank [301], Our

World in Data [332], IEA [333], Grubler and Nakićenović [15, 35, 49], IHS [302], RethinkX

[303], and Way et al. [29], with monastery records from Janauschek [334]. Grubler

and Nakićenović provide European-level, country-level and global-level data; CHAT and

HATCH offer country-level and global data; and the remaining datasets provide global-level

data.

Aggregating country-level data to global proxy. For technologies in CHAT and

HATCH with only country-level data, we construct a global diffusion proxy by aggregation.

Let Y
(c)
i,t denote diffusion of technology i in country c at time t. We compute a global

technology stock as

Yi,t =
∑
c

Y
(c)
i,t ,
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treating NaN values as zero. This is a simplifying assumption: a missing country entry

may reflect absent reporting rather than true zero adoption, so the aggregated level may

understate actual global diffusion, particularly in early years when reporting coverage is

sparse. After aggregation, we replace remaining zeros with NaN to exclude them from

model fitting.

Converting flow data to stock data. When the data is already in stocks, we keep

it as is. When the data is in flows, we convert it into cumulative stocks. For flow data

∆Yi,t, we compute stocks as

Yi,t =

t∑
T=1

∆Yi,T ,

which assumes zero initial stock. If a technology was already present before the start of the

sample, this understates the level and can alter the apparent diffusion fraction. The final

dataset contains few aggregated flow series, and the cleaning procedure ensures that most

series start near a technology’s introduction, so the effect is small but cannot be ruled out

for all series.

4.11.2 Shares and non-shares

The data comprises both shares and non-shares. For example, the datasets contain data

on the total km of railroad tracks (a non-share) as well as the share of the population

vaccinated with certain vaccines (shares). Shares are a normalized metric between 0 and

100 (or 0 and 1) accounting for differences in potential adopter base, while non-shares are

absolute measures of adoption level. We use both types of data in our analysis, noting

that about a third of the data is measured in shares. We do not observe any qualitative

differences between the two.
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Calculating useful energy shares. For energy, we have experimented with estimating

S-curves for both levels and shares; this affects results for specific technologies but does

not affect the qualitative overall conclusions. To compute shares, we rely on the concept

of useful energy to put fossil and electricity-based energy sources on a common footing.

We use useful energy data from Way et al. [29], who calculate useful energy from primary

energy production, and extend their series (ending in 2020) through 2021–2024 using energy

data from Our World in Data [210, 300] and efficiency factors from Way et al. For primary

energy consumption Pi,t of energy technology i with useful energy factor fi,t, useful energy

is Ui,t = fi,tPi,t. Total useful energy consumption is Ut =
∑

i Ui,t. The share of useful

energy from technology i is

Yi,t =
Ui,t

Ut
.

We use useful energy shares in our dataset for backtesting. We only use useful energy (non-

share) data for forecasting future energy technology diffusion levels and when discussing

energy technology diffusion levels (Sections 4.17, 4.18, and 4.19). We compare results using

useful energy shares vs. levels in Section 4.17.

When the technology measure is a share and is considered a proxy aggregate (i.e.,

summing across countries; for example HIB3 vaccine and RCV1 vaccine), we compute an

average. There are two such cases in the final cleaned dataset. In these two cases, the data

contains two countries. For share data Y
(c)
i,t ∈ [0, 100], we proxy the global share as

Yi,t =
1

C

C∑
c=1

Y
(c)
i,t ,

where C = 2.

Shares vs. non-shares: statistical comparison. Of the 120 technologies in

the cleaned dataset, 42 (35%) are measured as shares and 78 (65%) as absolute levels.
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Table 4.1 shows the distribution by sector. Using the same statistical methods applied to

the full dataset in Section 4.14, we tested whether shares and non-shares exhibit different

diffusion dynamics. Table 4.2 summarizes the results. We found no statistically significant

differences for R2, normalized residuals, or growth rates (ki) (all p-values > 0.05). The

inflection point t0,i (measured relative to first observation) occurs earlier (p < 0.01) for

shares. This indicates that technologies measured in shares have less data at very low

adoption levels. Given these findings, we treat shares and non-shares together in our

analysis.

Sector Total Shares % Shares

Industry 30 8 27%
Transport 19 7 37%
Agriculture 19 4 21%
Health 17 6 35%
Energy 15 7 47%
ICT 10 4 40%
Household technologies 4 4 100%
Financial services 2 0 0%
Education 2 2 100%
Military 1 0 0%
Other services 1 0 0%

Total 120 42 35%

Table 4.1: Distribution of shares and non-shares technologies by sector in the cleaned
dataset.
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Metric Test Statistic p-value

R2 t-test −0.47 0.64
KS-test 0.17 0.39
Mann-Whitney U 1760 0.50

Normalized residuals KS-test 0.02 0.62
Mann-Whitney U 3232347 0.58

Growth rates, ki t-test −0.01 0.99
KS-test 0.19 0.25
Mann-Whitney U 1655 0.93

Inflection point t0,i t-test −2.70 0.008
(rel. to first obs.) KS-test 0.35 0.002

Mann-Whitney U 1111 0.004

Table 4.2: Statistical tests comparing diffusion dynamics between shares and non-shares.
The only statistically significant difference is in the inflection point t0,i (measured relative
to first observation), where shares have earlier inflection points (p < 0.01).

Computing adjusted R2 for fit quality assessment. We evaluate S-curve fit

quality across all 1362 time-series using adjusted R2 from Bertalanffy-Richards curve fits

(Eq. 4.6).6 For S-curve fit ŷi,t to transformed data yi,t (defined via the GFP transformation

in Eq. 4.16), we compute the adjusted R2 as

R̄2
i = 1− SSE/(Ni − p)

TSS/(Ni − 1)
, SSE =

∑
t

(
ŷi,t − yi,t

)2
, TSS =

∑
t

(
yi,t − ȳi

)2
,

where ȳi = 1
Ni

∑
t yi,t is the sample mean, Ni is the number of data points, and p = 2 is

the number of parameters estimated (k̂i and t̂0,i).

Figure 4.6 shows the distribution of the adjusted R2 for the raw dataset. While the fit

explains > 90% of the variance for many technologies, a significant number of technologies

exhibit adjusted R2 < 0.5, potentially due to incomplete S-curves, outliers, or data quality

issues.

6Running save raw data.py generates the dataset with 1362 time-series and corresponding R2

values.
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Figure 4.6: Distribution of adjusted R2 for the fit of the Bertalanffy-Richards curve to
all 1362 raw time-series.

4.11.3 Data cleaning

Our cleaning procedure comprises six systematic steps.7 Table 4.3 summarizes the impact

of each cleaning step on the dataset. Earlier steps naturally remove more time-series, as

the pool of candidates diminishes progressively. The folder datasets/ contains the data

after each cleaning step.

Step Description Removed Remaining Data pts. Unique % Ret.
technologies

– Raw data – 1,362 56,014 339 100%
1 Remove death phase 0 1,362 49,605 339 100%
2 Enough data points 404 958 45,665 290 86%

3(a) Saturation 290 668 31,998 216 64%
3(b) Early S-curve 211 457 26,125 155 46%
4(a) Unique technologies 302 155 7,398 155 46%
4(b) Incorrect saturation 34 121 6,084 121 36%

5 Remove outliers 0 121 6,032 121 36%
6 Correlated time-series 1 120 5,991 120 35%

Total Final dataset 1,242 120 5,991 120 35%

Table 4.3: Summary of the data cleaning procedure. We identify unique technologies by
manually grouping time-series based on title and description. Technologies are classified
into 11 sectors (Table 4.5) using [335–340] as guidance.

7Running data cleaning.ipynb generates the final cleaned dataset with 120 time-series.
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4.11.3.1 Computing parameters for cleaning

Estimating asymptote and asymmetry parameters via NLLS. We fit Eq. 4.6

using NLLS regression8, excluding the first and last data points (this makes our estimates

more robust, as we have noticed the estimate of L is very sensitive to these points). This

yields L̂i and β̂i. We apply the linearization transformation (Eq. 4.16) with

L = max[L̂i, 1.2 max
t

(Yi,t)], β = min[max[β̂i, 0.15], 50].

The factor 1.2 provides a 20% margin above maximum observed value (values between 1.1

and 1.3 would yield the same technology set). For plotting the distribution of residuals, we

use L = L̂i where L̂i is the NLLS estimate.

We set β ≥ 0.15 to avoid extreme parameter estimates. The lower bound β = 0.15

corresponds to inflection at ≈ 1% of asymptote; the upper bound β = 50 to ≈ 99% diffusion.

As discussed in Section 4.14.1, early technology growth can exhibit initial rapid growth

slowing to constant exponential behavior after the first 1% of diffusion. Such behavior

may lead to estimating very small β̂i, due to model mis-specification rather than actual

diffusion dynamics. We have performed a sensitivity analysis, and varying the lower bound

between 0.1 and 0.2, or setting β = 2/3 for all technologies yield similar results.

Computing normalized residuals via OLS. We transform data using the GFP

transform (Eq. 4.16) and regress the transformed data f(Yi,t;Li, βi) on time t using OLS

to estimate k̂i and t̂0,i. We calculate normalized residuals

R̃i,t =
Ri,t

si(Ri)
, where Ri,t = yi,t − k̂i(t− t̂0,i), (4.46)

8We use a piecewise regression package that uses bootstrapping, which may lead to varying
results upon replication. Under tests the resulting cleaned dataset remains, but number of data
points at each step may vary slightly.
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and si(Ri) =
√

1
Ni−2

∑
tR

2
i,t is the sample standard deviation of residuals Ri,t (with a

Ni − 2 degrees-of-freedom correction, for estimating k̂i and t̂0,i).
9 Algorithm 3 provides

the complete procedure.

Algorithm 3: Computing normalized residuals for technology i

Input: Raw time-series data {(t, Yi,t)}Ni
t=1 for technology i

Output: Normalized residuals R̃i,t for t = 1, . . . , Ni

Step 1: Initial parameter estimation via NLLS
Fit Bertalanffy-Richards curve (Eq. 4.6) via NLLS to obtain L̂i and β̂i

Step 2: Adjust parameters for robust transformation
Set β = min[max[β̂i, 0.15], 50] (avoid extreme asymmetry parameter estimates)
Set L = max[L̂i, 1.2 maxt(Yi,t)] (ensure asymptote exceeds max observed
value)

Step 3: Apply GFP transformation

Compute yi,t = − 1
β log

[(
L
Yi,t

)β
− 1

]
for each t = 1, . . . , Ni

Step 4: Estimate linear model parameters via OLS
Fit yi,t = ki(t− t0,i) + ϵi,t by OLS to obtain k̂i and t̂0,i
Step 5: Calculate raw residuals
Compute Ri,t = yi,t − k̂i(t− t̂0,i) for each t = 1, . . . , Ni

Step 6: Compute residual standard deviation

Calculate si(Ri) =
√

1
Ni−2

∑Ni
t=1R

2
i,t

Step 7: Normalize residuals
Compute R̃i,t =

Ri,t

si(Ri)
for each t = 1, . . . , Ni

return {R̃i,t}Ni
t=1

4.11.3.2 Step 1: Removing death phase data

Some technologies (e.g., telegrams, steamships) have complete life cycles including phases

where the stocks decline. In this paper, we model only the first three phases (up to

maturity), omitting death-phase data. We identify the death phase by analyzing growth

trends in transformed data yi,t (under GFP transformation, Eq. 4.16). To do this, we cannot

use L̂i and β̂i from NLLS fitting directly, as the death phase may distort them. Instead,

we use fixed values Li = 1.2 maxt(Yi,t) and βi = 2/3. This Li includes all data points in

the transformation; βi = 2/3 ensures plausible asymmetry. Other values (βi ∈ {0.5, 1} or

Li = 1.1 maxt(Yi,t)) yield similar results.

9Under the MA(1) noise model (Eq. 4.16), the OLS residuals Ri,t are autocorrelated, so the
Ni − 2 divisor does not yield an exactly unbiased variance estimator. This does not materially
affect the cleaning procedure, as si is used only for residual normalization, not for model parameter
estimation.
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For yi,t, the start of the death phase represents a shift from positive to negative growth.

We detect this via piecewise linear regression with a single breakpoint following Muggeo

[341]:

yi,t =


ki,1(t− t0,i) + ξi,t, t ≤ bi

ki,1(bi − t0,i) + ki,2(t− bi) + ξi,t, t > bi

where ki,1 is the slope before breakpoint bi, ki,2 the slope after, and ξi,t the error term. We

estimate bi and its 95% confidence interval [b
(0.025)
i , b

(0.975)
i ]. If ki,1 > 0 and ki,2 < 0, we

omit data for t > b
(0.975)
i . If both slopes ≥ 0, the time-series exhibits no death phase. If

both < 0, the time-series exhibits only the death phase, and we remove the technology.

Rationale for removing death phase before other steps. We remove the death

phase first because S-curve models do not address the death phase: including it introduces

strong model misspecification. We start with death phase removal so that all further steps

can use statistically estimated values of L̂i and β̂i.

Manual correction of misidentified death phases. Piecewise linear regression

may misidentify death phases due to noise or few observations in the saturation phase.

We use b
(0.975)
i as the cutoff and visually inspect all 306 technologies with identified death

phases. We override the automated breakpoint for 85 of them. In 80/85 cases we restore

data points that the automated procedure had classified as post-saturation, since they

represent noise around the asymptote rather than a sustained decline. This occurs because

the noise model underlying the regression (GFP transform) assumes homoscedastic errors,

which implies noise diminishes to zero as diffusion approaches the asymptote. In reality,

some noise may remain in the saturation phase, leading to misidentification of breakpoints.

Including additional data points in the saturation phase helps determine the quality of

forecasts in later steps. In 5/85 cases we remove additional data points, as the death phase
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starts earlier than initially identified. An example is shown in Figure 4.8g.

Figure 4.10b shows an example of misidentification for Steamship capacity, where

regression identifies a death phase starting in 1910, but visual inspection indicates 1930

(blue dots are those data points added back into the dataset). Figure 4.11 shows an example

for cane sugar production (Japan), where regression identifies a death phase starting in

2006; visual inspection indicates 2003 (brown dots are additional data points removed in

this step). We adjust both breakpoints based on these inspections.

4.11.3.3 Step 2: Enforcing minimum data requirement

We require Ni ≥ 10 data points. We do this because using fewer points yields more unstable

parameter estimates, but the results are not sensitive to the threshold, e.g. analysis with

Ni ≥ 8 or Ni ≥ 12 yields similar results. Of the 1362 time-series, 958 satisfy the Ni ≥ 10

requirement.

4.11.3.4 Step 3: Requiring complete S-curve coverage

Testing full S-curve dynamics requires both early and late phase data. We require early

phases to analyze initial growth patterns (and train the model for backtesting), the full

curve to analyze the general shape of adoption, and later phases to analyze saturation

dynamics and validate forecasts. Specifically, we require (1) at least 5 data points before

35% diffusion, and (2) diffusion beyond 80% of estimated L.

To find which time series satisfy these requirements, we first estimate the asymptote

L̂i using NLLS. Next, for saturation, we require that maxt(Yi,t) > 0.8L̂i. This removes 290

time-series. For early diffusion, we keep time series that have at least 5 data points before

35% diffusion, |{t : Yi,t < 0.35L̂i}| ≥ 5. This removes 211 time-series. Of 958 time-series,

457 satisfy both requirements.10

10Saturation thresholds of 0.7L̂i or 0.9L̂i, and early-phase requirements of 0.3L̂i − 0.5L̂i yield
similar results.
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At this point in the data cleaning procedure, all technologies contain both early and late

adoption data, no death phase, and at least 10 data points, which should make them suitable

for testing hypotheses about S-curves. We observe the distribution of residuals before

removing outliers to highlight the effect of outlier removal. Figure 4.7 shows the normalized

residuals after cleaning steps 1-3. Table 4.6 summarizes statistics of the residuals. As

previously noted, these residuals are computed using the GFP transformation with L = L̂i

and β = β̂i from NLLS fitting, unlike the residuals used in the cleaning steps which used

adjusted L and β for robustness. The normalized residuals (standard deviations on the

(a) Normalized residuals for 958 time-series with
Ni ≥ 10 (Step 2)

(b) Normalized residuals for 457 time-series rep-
resenting full S-curve (Step 3)

Figure 4.7: Histograms of normalized residuals under the Bertalanffy-Richards curve fit
at different cleaning stages. (a) Residuals for 958 time-series with at least 10 data points
(Step 2). (b) Residuals for 457 time-series that have at least 10 data points and cover a
majority of the adoption curve (Step 3). In both cases, the residuals are well-behaved with
≈ 1% of the residuals greater than 3 standard deviations from the mean (slightly fatter
tails than a standard normal distribution).

x-axis) behave similarly between steps 2 and 3, with ≈ 1% beyond 3 standard deviations in

both cases (compared to 0.3% in a standard normal distribution). In both cases, there are

more extreme negative residuals than positive ones. Table 4.6 indicates that the median is

positive, but extreme left-tail observations give the distribution negative skewness. This is

likely due to early-phase diffusion, where some technologies exhibit rapid initial growth

before stabilizing to an exponential regime, a phenomenon that is not fully captured by

the B-R curve. We discuss this in detail in Section 4.14.
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4.11.3.5 Step 4: Selecting unique technologies and removing poor-quality

data

Step 4(a): Applying scoring system to select unique technologies. Some

technologies appear multiple times under different names or from different sources (e.g.,

mobile phones, railroads, television). We manually group technologies into unique tech-

nologies based on title and description. For the grouping, see the data dictionary in

data/cleaned/data dictionary final.csv for grouping the remaining 457 time-series

into 155 unique technologies. See the notebook data cleaning.ipynb for the code used

to generate the data dictionary.

After grouping technologies into unique technologies, we retain one representative

time-series per unique technology using a scoring system that prioritizes global coverage,

number of data points, early-phase representation, and temporal resolution:

• +1 point if the time-series is at the global level (over country-level data)

• +0.5 point if Ni ≥ 20, +1 point if Ni ≥ 50

• +1 point if {Yi,t : Yi,t < 0.05L̂i} ≥ 5 (sufficient early data to train on)

• +1 if ∆max = 1 year; −1 if ∆max ∈ [5, 10] years; −2 if ∆max > 10 years, where

∆max = maxj=1,...,Ni−1(tj+1 − tj) for ordered observation times t1 < · · · < tNi

When multiple time-series for the same technology have the same highest score, we select

the time-series with the longest early data period (for training in the validation exercise)

or longest overall time-series (for validation forecasts in backtesting). If still equal, we use

adjusted R2 ≥ 0.9 as a tiebreaker. The selection procedure described here reduces the

dataset from 457 to 155 technologies (302 time-series removed).

Exceptions to scoring system selection. In some cases, we manually select lower-

scoring time-series. For Coal, Hydropower, and nuclear electricity, we select Way et al. [29]
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data (useful energy shares) over series with higher-scoring primary energy or absolute-TWh

data, because the useful-energy-share representation yields a consistent unit across the

energy technologies used in the forecasting exercise (Section 4.19). For Sulphuric acid

production, we select Canadian data because it has longer time-series and more early-phase

data over world data.

Step 4(b): Removal of poor-quality time-series. We manually flag 34 of the

155 unique technologies for potential removal through visual inspection, then validate these

using quantitative checks (with some overlap). We consider four rationales for removal:

(1) Non-technology time-series. Remove: GDP (UK). appears in CHAT/HATCH

as potential diffusion indicators but do not represent, in our view, technology adoption.

Other non-technology time-series exist, such as Democracy Index. These were removed in

earlier filtering steps.

(2) Incorrectly specified saturation. Remove time-series where the asymptote

L̂i does not reflect true saturation. All checks below use only data statistics, not model

outcomes, and are therefore not circular. The 154-technology robustness check (Section 4.16)

confirms that including the flagged technologies does not materially affect calibration or

accuracy. (a) The asymptote estimate, L̂i, changes by > 50% when excluding the last

20% of data (flags 7 technologies); this tests for instability in the NLLS fit that signals

the saturation level is not well identified from the data. (b) Average year-over-year log

growth does not decrease: ∆ log Y/∆tfinal ≥ 0.8 ·∆ log Y/∆tmid, where subscripts denote

final 5 data points and middle 40–60% of the time-series respectively. This is distinct

from Step 3’s requirement that the technology has reached 80% diffusion: a technology

can satisfy Step 3 yet still show insufficient deceleration in growth rate, which this test

detects (flags 7 technologies). (c) Visual inspection: technologies that show growth without

any visible curvature toward an asymptote are removed on judgement grounds: sodium
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battery storage, high-speed rail, satellite launches, CCS, offshore wind (Germany), solar

thermal, lithium-ion batteries, space launches. This complements criterion (b) — (b) is

statistical, (c) is visual — and together they flag cases where neither the data statistics nor

the shape of the curve provide evidence of saturation. (d) NLLS cannot identify L̂i from

data confined to the early-exponential regime (Yi,t ≪ Li): the B-R model then reduces

to Yi,t ∝ exp(kit), in which Li enters only through curvature that has not yet manifested

[31]. This is an identifiability constraint, not a model-outcome judgement. We remove

technologies whose data show no curvature toward saturation.

(3) Poor data quality. We remove time-series with erratic behavior inconsistent

with smooth diffusion, applying two standard outlier-detection thresholds to year-over-year

changes that are independent of model outcomes: (a) |∆Yi,t| > 10σ∆Y where σ∆Y is

the standard deviation of year-over-year changes (flags 10 technologies); (b) coefficient

of variation CV(∆Yi,t/Yi,t−1) > 3 (flags 14, with overlap). The S-curve model assumes

smooth, monotone diffusion; time-series with sudden jumps or persistent fluctuations

violate this assumption and would produce unreliable fits regardless of model choice. This

step removes, for example, hospital beds and cheques (sudden jumps) and iron ore, cobalt,

and nickel (persistent fluctuations). See Figure 4.8.

Nine technologies pass all automated checks above but are flagged and removed through

manual visual inspection: hernia surgery, coronary bypass, EFT (UK), sensible heat storage,

plus five others. These are relatively short time series (Ni < 15) with insufficient data to

distinguish a genuine asymptote from noise, so we opt to remove them. We also remove

several battery-, CCS-, and solar-related technologies. We remove these for two reasons.

(1) Our application to solar and wind energy forecasting is a key motivation for this study,

so we ensure the dataset does not contain technologies in the same energy storage or solar

sector, which we reserve for out-of-sample validation (Section 4.19). (2) These technologies

have very few data points and no observable curvature toward an asymptote, making the
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NLLS asymptote estimate unreliable (the same criterion as (d) above). For example, CCS

has fewer than 15 global data points with no sign of saturation [342]. The same applies to

sodium battery storage [343] and other early-stage storage technologies such as lithium-ion

battery storage, latent heat storage, and solar thermal energy [344].

(4) Removal of individual outlier observations within retained technologies.

We remove individual data points that reflect events unrelated to diffusion—wartime

disruptions, financial crises, or data-entry errors—while retaining the technology itself.

Specific cases are documented in Section 4.11.3.6.

For three technologies (ships, main engine RPM, sand/gravel construction), we retain

the technology but remove points that are obvious outliers. Figure 4.8 shows examples of

removed time-series (figures 4.8g–4.8i show those where we removed specific data points

and used the remaining time-series for analysis). After Step 4(b), 121 technologies remain.

See data/cleaned/step 4b and data cleaning.ipynb for complete removal details and

plots.
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(a) Non-technology time-series:
UK GDP (USD)

(b) No evidence of saturation:
satellite launches

(c) No evidence of saturation:
CCS

(d) Poor data quality: number
of long-term beds in hospitals

(e) Poor data quality: cheques(f) Poor data quality: cobalt
production (US)

(g) Poor data quality: Number
of ships

(h) Poor data quality: Main
engine RPM

(i) Poor data quality: Sand
and gravel construction

Figure 4.8: Examples of time-series removed during Step 4(b). (a) Non-technology.
(b-c) Growth without clear saturation. (d-e) Sudden jumps to saturation. (f) Persistent
fluctuations. (g-i) Erratic fluctuations in final data points (orange: removed in Step 1;
black: retained; red: removed manually).

Comparison of dataset properties before and after Step 4(b). Figure 4.9

compares the adjusted R2 distribution and the normalized residuals before Step 4(b) to the

final dataset. The left panel shows that removing the 34 technologies marginally increases

the median adjusted R2 (from 0.93 to 0.94), confirming that most removed series had lower

fit quality. The right panel shows boxplots of normalized residuals (Eq. 4.46, under the

GFP best fit with β = 2/3) binned by nondimensional time. The residual distributions are

nearly identical between the two datasets, indicating that the removal does not materially

alter the overall statistical properties of the data.
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Figure 4.9: Comparison of dataset properties before and after Step 4(b). Left: Histogram
of adjusted R2 for the 155 technologies before Step 4(b) (purple) and the final 120
technologies (orange). The median R2 increases slightly from 0.93 to 0.94. Right: Boxplots
of normalized residuals (2.5th–97.5th percentile whiskers) binned by nondimensional time
(same transformation as for main paper figure 2(b) and (c)). The large overlap across
nondimensional time bins indicates that the distribution of residuals is nearly identical
before and after Step 4(b), suggesting that the removal of technologies does not materially
alter the overall residual distribution.

4.11.3.6 Step 5: Manual identification and removal of outliers

Manual inspection identifies 9 outlier data points for removal: one from capacity of ships

(UK), one from capacity of steamships (UK), three from primary bauxite production (US),

and four from gold reserves (South Korea). Figure 4.10 shows the removed outliers.

The ship capacity outlier in 1910 (Figures 4.10a, 4.10b) is likely a data entry error.

Bauxite production anomalies during 1942–1944 (Figure 4.10c) reflect WWII aluminum

demand [345] and subsequent peacetime conversion[346]. Gold reserve outliers in South

Korea (Figure 4.10d) correspond to financial difficulties [347, 348] preceding the 1997

IMF agreement[349], followed by a 1998 gold-collecting campaign[350]. These outliers

reflect extraordinary economic events unrelated to the diffusion process itself; their removal

corresponds to criterion (4) of Step 4(b).

11

11The time-series excludes 2011–2013 gold purchases by the South Korean government[351].
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(a) Capacity of ships (tons) (b) Capacity of steamships (tons)

(c) Primary bauxite production (d) Gold reserves (tons)

Figure 4.10: Diffusion curves for technologies where outliers were removed. (a) Capacity
of ships (tons) in the UK with one outlier removed in 1910. (b) Capacity of steamships
(tons) in the UK with outlier removed in 1910. Outlier is likely a data collection error.
Death phase detection was too stringent (blue data are those data-points detected as post-
saturation that were manually included again in step 1). (c) Primary bauxite production
in the US with three outliers removed: World War II disruption pattern. (d) Gold reserves
(tons) in South Korea with four outliers removed, due to 1993-1997 lead up to financial
crisis.

Special case: Cane sugar consumption (Japan). For cane sugar consumption

(Japan), removal is more extensive. Figure 4.11 shows the time-series with removed data

points highlighted. During WWII, cane sugar consumption in Japan dropped sharply

due to supply disruptions and rationing [352, 353], falling to a historical low [354] from

approximately 15 kg per capita [355]. Post-war recovery increased consumption, reaching

pre-war levels by the mid-1950s [354, 356]. We remove all data before 1943 and treat

diffusion as starting post-WWII. By the 1990s, Japan experienced long-term decline in sugar

consumption [357], indicating death phase onset, reaching a per-capita low in consumption
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Figure 4.11: Cane sugar consumption (kg per capita) in Japan. Red dots are pre-WWII
removed data points. Orange dots are post-2006 removed data points (post-saturation)
that were detected in Step 1. Brown dots are additional post-saturation points that were
manually removed in Step 1, for death-phase detection checks.

in 2010 [358].1213 We analyze data from 1943 to the early 2000s.14

12Death phase is shown to indicate the full extent of removed data.
13Cane sugar consumption stabilized around 17 kg per person in 2021[358] (post-2010 data not

included).
14Per capita sugar consumption peaked in the early 1970s [358, 359], then declined, aligning with

trends in Figure 4.11.
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4.11.3.7 Step 6: Removing highly correlated time-series

Some technologies may be highly correlated (e.g., different vaccines in one country). We

calculate Pearson correlation coefficients between residuals of all technology pairs (i, j):

rij =

∑
t(Ri,t − R̄i)(Rj,t − R̄j)√∑

t(Ri,t − R̄i)2
∑

t(Rj,t − R̄j)2
,

where R̄i = 1
Ni

∑
tRi,t is the mean residual for technology i. We investigate technologies

where rij > 0.95. We identify one such pair. We remove 1 time-series: Polio vaccine

(India).15

The final dataset includes 120 unique technologies; Table 4.4 lists each technology with

its region, primary data source, observation count, and year span.

Table 4.4: The 120 cleaned technology time-series. Display names are abbreviated; full
identifiers are kept in the data repository. Ni is the number of cleaned observations; the
span gives the first and last observed year. Citations are to the database from which each
series was drawn; where known, the original primary source is also indicated.

Technology Region Source Ni Span

Air conditioning (cars) US Grübler [15, 35] 30 1954–1984
All Biofuels Germany HATCH [299] 30 1992–2021
Ammonia synthesis (gas
feedstock)

World Rouwenhorst et al.
[360] / RethinkX [303]

18 1935–2020

Ammonia synthesis
(HFO/naphtha)

World Rouwenhorst et al.
[360] / RethinkX [303]

11 1935–1985

Ammonia synthesis (total) World Rouwenhorst et al.
[360] / RethinkX [303]

22 1915–2020

Aquaculture Production UK HATCH [299] 61 1960–2020
ATMs (thousands) World Bessen [361] / Re-

thinkX [303]
27 1973–2009

Automobile tire rims
(straight side)

US Klepper [362] / Re-
thinkX [303]

24 1910–1933

Aviation tonne-kilometers UK CHAT [299] 47 1945–1991
BCG Vaccine India HATCH [299] 41 1981–2021
Beer Production Japan HATCH [299] 102 1896–1997
Biogas Germany HATCH [299] 22 2000–2021
Bone marrow transplants World CHAT [299] 28 1974–2001
Cable TV subscriptions UK CHAT [299] 17 1985–2001
Cadmium Refining US HATCH [299] 61 1906–1966

(continued on next page)

15We retain DTP3 vaccine (India) (adjusted R2 = 0.01 higher; other metrics identical).
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(continued from previous page)

Technology Region Source Ni Span

Canals US Comin & Hobijn [299] 42 1800–1854
Cane Sugar Japan HATCH [299] 58 1945–2002
Capture Fisheries China HATCH [299] 58 1960–2017
Caustic Soda South

Korea
HATCH [299] 43 1961–2003

Cement US HATCH [299] 120 1900–2019
Cigarette consumption per
person

US US DOT / RethinkX
[303]

87 1881–1967

Coal (useful energy) World Way et al. [29] /
OWID

15 1800–1940

Coal Production China HATCH [299] 41 1981–2021
Cobalt Mine Production World HATCH [299] 22 1995–2016
Coke (Prussia) Germany Landes [363] / Re-

thinkX [303]
26 1825–1890

Color TV broadcasting
(countries)

World Wikipedia / RethinkX
[303]

54 1950–2003

Commercial vehicles US Comin & Hobijn [299] 99 1904–2002
Containerised ports (cumu-
lative)

World Rua [364] / RethinkX
[303]

28 1956–2003

Copper—Refining India HATCH [299] 22 1990–2011
Crop Harvester South

Korea
HATCH [299] 41 1961–2001

Crude oil (useful energy) World Way et al. [29] /
OWID

24 1870–1978

DDT production World Schenker et al. [365] /
RethinkX [303]

25 1941–1965

Diesel locomotives in service US Comin & Hobijn [299] 44 1925–1970
Dishwashers US HATCH [299] 40 1922–2011
Disk Brakes US HATCH [299] 19 1966–1984
DTP3 Vaccine India HATCH [299] 42 1980–2021
Electric steel production US USGS / RethinkX

[303]
96 1896–1991

Electricity production UK CHAT [299] 98 1896–1993
Ethanol in motor fuel US US EIA / RethinkX

[303]
39 1981–2019

Ethanol Production World HATCH [299] 51 1970–2020
Fax machine shipments
(thousands)

World NRC [366] / RethinkX
[303]

15 1977–1991

Fertilizer (total) World CHAT [299] 42 1960–2001
Filter cigarettes (
Flush Toilet US HATCH [299] 12 1860–1989
Gas (useful energy) World Way et al. [29] /

OWID
67 1890–2023

GE corn (HT) US USDA / RethinkX
[303]

28 1996–2023

Geothermal Energy Germany HATCH [299] 18 2004–2021
Gold South

Korea
HATCH [299] 50 1950–2003

(continued on next page)
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(continued from previous page)

Technology Region Source Ni Span

Grain combines (thousands) US RethinkX [303] 24 1910–1960
Heart transplants World CHAT [299] 23 1978–2000
HIB3 Vaccine World HATCH [299] 31 1991–2021
Home Air Conditioning US HATCH [299] 55 1957–2011
Home dialysis (kidney) UK CHAT [299] 21 1970–1991
Household Internet Access US HATCH [299] 24 1993–2016
Hybrid corn (
Hybrid corn acres US USDA / RethinkX

[303]
26 1933–1958

Hybrid corn farmers (cumu-
lative)

World Rogers [40]; Ryan
& Gross [367] / Re-
thinkX [303]

15 1927–1941

Hydrochloric Acid Japan HATCH [299] 74 1930–2003
Hydropower (useful energy) World Way et al. [29] /

OWID
67 1890–2023

Internet users UK FRED / RethinkX
[303]

32 1990–2021

Kidney transplants World CHAT [299] 39 1963–2001
Lithotriptor units World CHAT [299] 20 1981–2000
Liver transplants World CHAT [299] 25 1977–2001
Long-term care beds World CHAT [299] 41 1960–2000
Lung transplants World CHAT [299] 18 1983–2000
Mammography units World CHAT [299] 30 1968–2000
Marine engine RPM World Mitchell shipping

archive
111 1868–1999

Mechanical cotton harvest-
ing

US USDA / RethinkX
[303]

24 1949–1972

Microcomputers US HATCH [299] 33 1984–2016
Milk Production Japan HATCH [299] 106 1899–2010
Monasteries (Europe) Europe Janauschek [334] 51 1113–1165
Motorship tonnage World CHAT [299] 69 1906–1974
MRI units US Comin & Hobijn [299] 18 1983–2000
Natural gas consumption UK RethinkX [303] 17 1962–1978
Nitric Acid World HATCH [299] 75 1929–2003
Nitrogen Fertilizer India HATCH [299] 60 1961–2020
Nuclear electricity (useful
energy)

World Way et al. [29] /
OWID

38 1965–2002

Nuclear Weapons World HATCH [299] 66 1945–2010
Number of ships World Mitchell shipping

archive
117 1856–1982

O-heath US Grübler [15, 35] 84 1874–1957
Oil Production UK HATCH [299] 23 1965–1987
Oil Refineries World HATCH [299] 68 1940–2007
Oxygen production US Grübler [15, 35] 26 1958–1983
Petroleum refining (cat-
alytic cracking)

World Linstone & Sahal [368]
/ RethinkX [303]

34 1938–1971

Phone subscriptions World World Bank 41 1980–2020
Phosphate Fertilizer India HATCH [299] 60 1961–2020

(continued on next page)
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Technology Region Source Ni Span

Pineapple production Ivory Coast
/ Costa
Rica

FAO / RethinkX [303] 61 1961–2021

Potash Fertilizer China HATCH [299] 59 1961–2020
Power steering (cars) US Grübler [15, 35] 34 1951–1984
Primary Aluminum Produc-
tion

US HATCH [299] 92 1900–1991

Primary Bauxite Produc-
tion

US HATCH [299] 59 1900–1961

Primary school enrollment UK CHAT [299] 54 1860–1913
Radial tire shipments (
Radiation therapy equip-
ment

World CHAT [299] 41 1960–2000

Radio South
Korea

HATCH [299] 52 1948–1999

Railroad Tracks US HATCH [299] 123 1830–1952
RCV1 Vaccine World HATCH [299] 42 1980–2021
Retail locations accepting
card

US Comin & Hobijn [299] 16 1988–2003

ROTAC Vaccine World HATCH [299] 16 2006–2021
Sailing-ship tonnage World CHAT [299] 102 1788–1889
Salt production US HATCH [299] 118 1900–2017
Sand and Gravel Construc-
tion

US HATCH [299] 91 1902–1992

Secondary school enroll-
ment

UK CHAT [299] 86 1886–1990

Sewing machines per person US Hounshell [369] / Re-
thinkX [303]

43 1853–1895

Sexed dairy semen (
Ship tonnage (all) UK CHAT [299] 178 1788–1967
Steamship tonnage UK CHAT [299] 111 1815–1927
Stoves US HATCH [299] 108 1900–2011
Sulphuric Acid Canada HATCH [299] 84 1919–2002
Synthetic filaments World HATCH [299] 81 1910–1990
Telegraphs World Grübler [15, 35] 87 1856–1942
Telephones France HATCH [299] 97 1889–1985
Television China HATCH [299] 41 1959–1999
Tractor adoption Canada Olmstead & Hayami /

RethinkX [303]
63 1909–1971

Transatlantic passengers by
air (share)

World Gilbert (2008) / Re-
thinkX [303]

27 1948–1974

Travel by car (share of total) US RethinkX [303] 66 1895–1960
Unleaded gasoline (share) US Kerr & Newell [370] /

RethinkX [303]
26 1970–1995

Wet Flue Gas Desulfuriza-
tion Systems

Germany HATCH [299] 28 1972–1999

YFV Vaccine World HATCH [299] 25 1997–2021
Zinc Canada HATCH [299] 93 1911–2003
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Augmenting the dataset with energy carriers in TWh. For the empirical-

regularity diagnostics in Section 4.14 and the forecasting exercises in Sections 4.17–4.19,

we additionally retain 11 useful-energy time-series in TWh covering the major fossil and

low-carbon energy carriers (coal, oil, gas, nuclear, hydropower, biomass, solar PV, and

wind, among others; the full list is in the data repository). These series are not part of the

120-technology set used for the calibration analysis in Section 4.16.

Multi-source construction for solar PV and wind. For solar PV and wind we

combine several sources. Useful-energy values (PWh) come from Way et al. [29] and Our

World in Data [210, 300]. This useful-energy series provides the historical data plotted in

main paper Figure 4a. Installed capacity (TW) comes from IRENA [298], extended further

back using Nemet [371] and Farmer and Lafond [30].

4.11.4 Behavior of the clean data

We present sector representation, normalized residuals, and R2 values of cleaned time-series.

Sector classification in raw and cleaned datasets. Figure 4.12 shows sector

representation in cleaned and raw datasets. We perform a manual classification into

11 sectors, based on the titles of the time-series. The sectors can be seen in Figure

4.12 and Table 4.5. The manual classification procedure can be found in the script,

data cleaning analysis.ipynb. For inspiration on the classification, we use Refs. [335]

for help with identifying industry, infrastructure, and transport technologies; [336] for

energy ; [337] for health; [338] for agriculture; [339] for ICT; and [340] for minerals in

industry. We added financial services, military, and other services for miscellaneous

technologies (e.g., monasteries).
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(a) Raw dataset (b) Cleaned dataset

Figure 4.12: Sector representation in (a) raw dataset of 1362 technologies and (b) cleaned
dataset of 120 technologies. Industry and Health are reasonably large sectors in both
datasets. The cleaned dataset has no uncategorized technologies, while the raw dataset
contains some. The differences in proportions are likely due to duplicate technologies being
removed, uncategorized time-series (other services) in the raw dataset, and some sectors
having many technologies that have not reached their saturation phase (Energy), while
others have more mature technologies that properly saturate (Transport, Agriculture).

Table 4.5 shows technologies per sector in the final dataset.

Sector Number of Examples
technologies

Industry 30 textile machinery, steel, and cement production
Transport 19 automobiles, railways, aircraft, shipping capacity
Agriculture 19 fertilizer, tractors, hybrid corn acreage
Health 17 vaccinations, surgeries, medical devices
Energy 15 gas, coal, oil, electricity production
ICT 10 mobile phones, internet users, television, radio
Household technologies 4 dishwashers, stove, flush toilet
Financial services 2 retail locations accepting card, ATMs
Education 2 primary school enrollment
Military 1 nuclear weapons
Other services 1 monasteries

Table 4.5: Sector representation in the cleaned dataset of 120 technologies.

The raw dataset contains 14 uncategorized technologies, which we place in other services,

while the cleaned dataset has 1 (Monasteries - Europe). The uncategorized technologies in

the raw dataset include GDP, public investment, private investment, and population for

different countries. We removed these in the cleaning process as they do not adequately

represent technology adoption.
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The cleaned dataset has a more even sector distribution, with a higher proportion of

Industry, Transport, and Agriculture technologies, likely because these sectors include more

mature technologies. Some sectors, such as Energy and ICT, have a lower proportion in the

cleaned dataset because many technologies have not reached saturation (e.g., solar, wind,

CCS). Furthermore, many ICT technologies have extensive coverage in the raw dataset

due to duplicates (e.g., mobile phones in different countries), which are removed (except

for 1) in the cleaned dataset.

Adjusted R2 and normalized residuals of cleaned dataset. Figure 4.13 shows

the adjusted R2 distribution for 120 technologies16, the normalized residuals, and a

comparison between observed residuals and normal and Student-t (df = 7) distributions17.

Table 4.6 summarizes key statistics of normalized residuals for various cleaning steps.

Statistic Step 2 Step 3 Cleaned Dataset Std. Normal

Mean 0 0 0 0
Median 0.04 0.06 0.05 0
Std. Dev. 1 1 1 1
Skewness -0.3 -0.3 -0.3 0
Excess kurtosis 2.4 2.9 1.7 0
KS Statistic 0.03 0.05 0.04 0
p-value < 0.001 < 0.001 < 0.001 N/A

Table 4.6: Key statistics of the normalized residuals at different cleaning stages: after Step
2 (958 time-series), after Step 3 (457 time-series), and the cleaned dataset (120 time-series).
Kurtosis is excess kurtosis, measured relative to the standard normal, which has excess
kurtosis 0. The residuals have a slight negative skew and a positive excess kurtosis that
reflects heavier tails.

Figure 4.13a indicates that the curve explains > 90% of the variance for most tech-

nologies, with median adjusted R2 = 0.94.18 One technology has adjusted R2 < 0.5 (Gold

reserves (South Korea), R2 = 0.45).

Figure 4.13b shows a histogram of normalized residuals. Table 4.6 shows a slight

16For a comparison to other traditional S-curves (Logistic and Gompertz) see Section 4.15.
17df = Ni − 4, where Ni = 11, is the length of the shortest time-series in the dataset, and 4 is

the number of estimated parameters, L̂i, k̂i, t̂0,i, β̂i.
18Results remain unchanged when assuming universal β = 2

3 .
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(a) histogram of adjusted R2 values (b) Histogram of normalized residuals

(c) Q-Q plot against normal distribution (d) Q-Q plot against student t-distribution (df
= 7)

Figure 4.13: (a) Histogram of adjusted R2 values for the cleaned dataset of 120 technolo-
gies, showing most technologies have high explained variance. (b) Histogram of normalized
residuals shows slight negative skew and heavier negative tails. (c) Q-Q plot comparing
normalized residuals to standard normal distribution and (d) Student-t distribution with 7
degrees of freedom (df = Ni − 4, where Ni = 11, is the length of the shortest time-series in
the dataset). The residuals deviate from normality in the tails, particularly on the negative
side.

negative skew (−0.3) and a positive excess kurtosis (1.7). A positive excess kurtosis

means the residuals have heavier tails than a normal distribution. This is common in real

data. Consistent with this, 1% of the residuals lie past 3 standard deviations, where a

normal distribution expects 0.3%. Most technologies track the B-R curve closely. A few

show anomalous episodes, such as early rapid adoption or structural breaks, that produce

occasional extreme residuals. The Q-Q plot against a normal distribution (Figure 4.13c)

confirms this, with deviations from normality in the tails. The residuals match a Student-t

distribution with 7 degrees of freedom (Figure 4.13d) more closely, which also has heavier
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tails (excess kurtosis 2). The deviations are larger in the negative tail (black dots below the

blue line at negative values in Figure 4.13d). These may stem from the systematic factors

discussed earlier (Figure 4.7). Some technologies grow faster than the model early on. The

model then overestimates the early growth rate and produces extreme negative residuals. It

underestimates later diffusion points, which gives a median above 0. Section 4.14 discusses

faster-than-expected early growth.

4.12 Limitations

Our data selection procedure faces several limitations.

Selection bias toward successful technologies. While we gather as much data

as possible from secondary sources, the data collected in these sources tends to focus on

successful technologies.

Subjective selection decisions. Several steps in the cleaning procedure involve

subjective judgment: manual correction of death-phase breakpoints (Step 1), manual

flagging of poor-quality series (Step 4b), and manual outlier removal (Step 5). While

we validate subjective decisions with quantitative checks where possible, these choices

introduce analyst degrees of freedom that could in principle affect the results. We have

aimed to be transparent about each such decision and its rationale, and show that after

each of these steps the change in the distribution of normalized residuals is minimal, and

change in quality of fit (measured by adjusted R2) is negligible.

Data-construction assumptions. When aggregating country-level data to a global

proxy, missing values are treated as zeros (Section 4.11.1), which may understate early

adoption levels if reporting coverage is incomplete. Similarly, converting flow data to

cumulative stocks assumes zero initial stock, which can bias levels if a technology was

already present before the sample begins. Both effects are most pronounced in the early
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part of the time-series—the segment most relevant for the predictability exercise.

Subjective technology definitions. Determining when a time-series is or is not a

technology may be difficult. We have not defined a strict criterion for what constitutes a

technology, and we have made some subjective decisions in this regard. For example, we

have removed GDP as it does not represent technology adoption, but we have retained

monasteries as they represent a form of organizational technology. Other non-technology

time-series are present, but were filtered out in earlier steps.

Conditioning on completed S-curves. Our model assumes an S-curve diffusion

pattern, so we automatically exclude technologies that do not (or do not yet) feature a

slowing down of diffusion. In other words, our dataset includes only technologies that

have gone through a full diffusion cycle. The filtering criteria in Steps 2–4 (minimum

data points, requiring > 80% of L̂, requiring early-phase coverage) further condition the

sample on well-behaved, already-mature technologies. As a consequence, the universality

and backtest results reported in this paper are conditional on technologies whose diffusion

is well-described by an S-curve. S-curve diffusion is therefore an assumption of our model.

Conditional on this assumption, it is a result of our paper that a technology’s diffusion

can be predicted with a well-calibrated distributional forecast using the B-R model with

technology-specific and universal parameters, even from early data alone. We note that

this does not exclude technologies that were later substituted out (e.g., telegrams). That is,

we model only the first three S-curve phases of net-stock growth, not the full birth-to-death

life cycle, as the death phase is trimmed in Step 1 and the preceding diffusion is retained

(Section 4.6).
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4.13 Defining technology-invariant parameters

The full B-R model we consider here is a highly nonlinear model with a total of 7 free

parameters: L, k, t0, σ, β, ρ and ϵT . The terminal residual ϵT enters the model because

the MA(1) noise carries the last observed shock forward into the first forecast step; it could

in principle be estimated technology-specifically, but doing so adds a free parameter for

each technology. Combined with the small number of data points (often as few as 10),

fitting all these parameters may very likely result in overfitting. To improve this situation

we take three parameters as technology-invariant, i.e. equal for all technologies: β = 2/3,

ρ = 0.80, and ϵT = 0. This introduces some bias (real technologies may differ in these

parameters) but reduces variance and improves forecasts. We show below that observed

variation in these parameters across our data set is small enough that real differences are

hard to discern given the statistical error of short series. This section justifies these choices

through theoretical considerations, empirical evidence, and support from the literature.

4.13.1 Asymmetry parameter

The asymmetry parameter β determines S-curve skewness: β = 1 yields symmetric curves

(logistic), β < 1 yields right-skewed curves (inflection before 50% diffusion), β > 1 yields

left-skewed curves (inflection after 50% diffusion). Here, the inflection point refers to the

true inflection (maximum growth rate), which occurs at Yinf/L = (1 + β)−1/β. Note that

this differs from Y (t0)/L = 2−1/β, since t0 is not the inflection point for β ̸= 1. Both

expressions equal 50% at β = 1.

Literature context. Mahajan et al. [41] review diffusion models, noting S-curve shape

variations across technologies. Meade and Islam [20] conclude that the shape of the

S-curve is one of the most important and distinctive features of the diffusion process.

Bertalanffy [64] introduced asymmetric growth models, showing right-skewed S-curves fit
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biological growth data. Rogers [40] and Moore [115] identify that near-exponential adoption

occurs in the first 16% of adoption. Grubler [15] documents exponential growth patterns

in infrastructure diffusion during initial market penetration phases. Despite available

asymmetric models [14], many studies such as the first study of technology adoption using

S-curves [8] default to symmetric logistic curves for simplicity.

4.13.1.1 In-sample fit and choice of asymmetry parameter

We first analyze the in-sample fit for various values of a technology-invariant β, and then

check how well a DGP with technology-invariant β replicates the empirical distribution of β̂i

obtained when we estimate βi separately for each technology. We use the empirical surrogate

datasets defined in Section 4.9, with β fixed to a candidate technology-invariant value

(rather than estimated per technology) and the remaining θ̂i = {L̂i, k̂i, t̂0,i, σ̂i} inherited

from the empirical fit. We then re-fit the B-R model with technology-specific βi to each

surrogate series and compare distributions. If the surrogate and empirical distributions

of β̂i are similar, the observed heterogeneity in β̂i is consistent with estimation error

rather than genuine cross-technology variation, and a technology-invariant β is justified for

forecasting given the short data sets.

Goodness of fit for different values of β. Figure 4.14 shows fit quality across the

120-technology ensemble for four S-curve choices: logistic, Gompertz, B-R with technology-

invariant β = 2/3, and B-R with technology-specific βi. Figure 4.14a shows that all S-curve

types yield similar adjusted R2 distributions, with median values above 0.9, indicating

high fit quality across models (though the Gompertz model does somewhat worse). B-R

with varying βi yields similar median R2 to technology-invariant β models (β = 1 and

β = 2/3), indicating that estimating technology-specific βi does not substantially improve

in-sample fit quality.

Figure 4.14b focuses on fit quality when using a technology-invariant β. Adjusted R2

189



Figure 4.14: (a) Comparison of R2 across Gompertz, logistic, and B-R curves (technology-
specific βi and technology-invariant β = 2/3). (b) Box-plots of adjusted R2 of 120-
technology ensemble for various values of a technology-invariant β ∈ [0.05, 5].

is relatively stable across β, but very small (β < 0.3) and very large (β ≫ 1) values yield

slightly lower R2. This implies that a wide range of S-curve models provide reasonable fits,

and in-sample R2 alone is insufficient for model selection. Section 4.15 compares Gompertz,

logistic (β = 1), and Bertalanffy-Richards (β = 2/3) curves in more detail.

Replicating the distribution of estimated βi. Given the short data sets, we

expect substantial heterogeneity in estimated βi even if all the technologies had the same

true value of this parameter, i.e. if the population βi = β, ∀i. We assess whether generating

data using a technology-invariant βi = β can lead to an empirical distribution of estimated

βi similar to what we observe empirically, following Algorithm 4.
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Algorithm 4: Assessing whether a DGP with technology-invariant β repli-
cates the empirical distribution of βi.

Input: Empirical technology time-series {Yi,t}120i=1

Output: Distribution of estimated βi from surrogate data
Step 1: Estimate parameters from empirical data

foreach technology i = 1 to 120 do
Fit model with β to obtain:
θ̂i = {L̂i, k̂i, t̂0,i, σ̂i}
(L̂i via NLLS; apply the GFP transform f(Yi,t; L̂i, β) and regress on time

to estimate other parameters)
end

Step 2: Generate and fit surrogate data (M simulations)
foreach simulation s = 1 to M do

foreach technology i = 1 to 120 do

Generate Y
(s)
i (t) using DGP (Eq. 4.17) with θ̂i, β, ρ = 0.8, and ϵT = 0

Fit Bertalanffy-Richards curve to Y
(s)
i (t) to estimate β̂

(s)
i

end

end
Step 3: Compare distributions

Compute Kolmogorov-Smirnov distance:
DKS(β) = supx |Freal(x)− Fsurrogate(x)|

Figure 4.15 compares β̂i values estimated from surrogate data generated under a

technology-invariant B-R model with β ∈ {0.5, 2/3, 1}. We show two probability histograms:

(1) the full histogram with all estimated values, and (2) one cropped to βi < 2.41. The

clip at βi = 2.41 corresponds to Y (t0)/L = 2−1/β < 75% (recall t0 is not the inflection

for β ̸= 1; the true inflection at Yinf/L = (1 + β)−1/β corresponds to ≈ 58% diffusion at

β = 2.41). This is consistent with the 80% minimum-diffusion data-selection threshold

(Section 4.11). In the fitting procedure, we set an upper bound β = 100.

Table 4.7 shows the Kolmogorov-Smirnov (K-S) distance DKS(β) between estimated βi

distributions from real and surrogate data for various values of β, as well as other statistics.

The empirical data shows substantial heterogeneity in estimated βi values across

technologies. The median estimated βi is 1.28, with a mean of 11.6 due to a few high βi

outliers. Just over half of technologies have β > 1 (left-skewed S-curves; maximum growth

after 50% diffusion) and the rest have β < 1 (right-skewed; maximum growth before 50%).

This implies that there is no clear universal asymmetry pattern.

191



(a) Full histogram, technology-
invariant β = 0.5

(b) Full histogram, technology-
invariant β = 2/3

(c) Full histogram, technology-
invariant β = 1.28

(d) Technology-invariant β =
1/2

(e) Technology-invariant β =
2/3

(f) Technology-invariant β =
1.28

Figure 4.15: Histograms comparing β̂i estimated from surrogate data (green) with
technology-invariant β = 2/3 based on 1000 simulations for 120 technologies versus βi
estimated from empirical data (gray). The top panels show the histogram with the x-axis
cropped at 50 for visualization purposes. The bottom panels are the same, but they are
cropped with βi ≤ 2.41, corresponding to Y (t0)/L < 75%. The left, middle and right
panels correspond to three different values of the technology-invariant β used to create the
surrogate data.

Data source Mean Median DKS p-value DKS p-value
(full) (full) (βi < 2.41) (βi < 2.41)

Empirical data 11.6 1.28 – – – –
Surrogate (β = 1/2) 7.9 0.57 0.23 < 10−4 0.14 0.10
Surrogate (β = 2/3) 8.6 0.72 0.19 6× 10−4 0.10 0.38
Surrogate (β = 1) 10.7 1.04 0.12 0.06 0.14 0.08
Surrogate (β = 1.28) 12.7 1.32 0.11 0.16 0.17 0.02

Table 4.7: Mean and median of estimated β̂i values from empirical data and surrogate
data (technology-invariant β = 0.5, β = 2/3, β = 1, and β = 1.28), along with Kolmogorov-
Smirnov distances DKS and p-values comparing surrogate to empirical data distributions.
Lower K-S distances and higher p-values indicate better replication of the empirical
distribution.

Figure 4.15 shows the histogram of individually estimated βi with a cutoff at βi < 50

for visualization purposes). The green histogram shows estimated βi values from surrogate

data generated with technology-invariant value of β ∈ {1/2, 2/3, 1.28}.
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The surrogate data with technology-invariant β = 1.28 (4.15c),19 equivalent to the

empirical median, has the lowest KS distance of those shown (Table 4.7), but it under-

emphasizes the peak at low values of β (β < 0.25) in the empirical distribution (Figure 4.15f

versus 4.15d and 4.15e). β = 0.5 and β = 2/3 (Figures 4.15d and 4.15e) both reasonably

replicate the spread of estimated βi values, the extreme outliers, and the peak at low β

values. In both cases the surrogate slightly underestimates the empirical mean and median

(Table 4.7), shown by the lighter green areas on the left of the histograms in Figures 4.15a

and 4.15b.

Focusing on the distribution of estimated βi values with Y (t0)/L < 75% (βi < 2.41,

Figures 4.15d, 4.15e, and 4.15f), surrogate data with technology-invariant β = 2/3 best

replicates the clipped empirical distribution (Table 4.7). β = 1/2 slightly over-emphasizes

the peak at low β values (β < 0.25) in the empirical distribution compared to β = 2/3

(Figure 4.15d versus 4.15e).

We conclude that fixing β can reasonably replicate the empirical distribution of esti-

mated βi values, but no single value dominates across all criteria. When matching the

full empirical distribution, β = 1.28 achieves the lowest KS distance (Table 4.7). However,

the surrogate experiments demonstrate that β estimates are biased upward in the mean:

surrogate data with true β = 2/3 produces mean β̂ = 8.6 (vs. median β̂ = 0.72), and

true β = 1.28 produces mean β̂ = 12.7 (vs. median β̂ = 1.3), due to a heavy right tail of

extreme outliers. Additionally, β = 2/3 best replicates the clipped distribution (βi < 2.41,

KS p = 0.38), while β = 1.28 is rejected under this clip (p = 0.02). β = 0.5 slightly

over-emphasizes the peak at low β values, while β = 1 and β = 1.28 under-emphasize it.

19Similar conclusions apply to β = 1 (logistic). We do not show the graphs, but we show the
statistics in Table 4.7.
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4.13.1.2 Growth replication

We assess the performance of models with technology-invariant β in replicating observed

growth patterns. The chosen value β = 2/3 is shown against the data in main paper

Figure 2d.

Replicating observed growth patterns. For each candidate technology-invariant

β, we apply Algorithm 9 with the B-R DGP at that β in place of the default β = 2/3,

generating 1,000 surrogate ensembles. From each ensemble and from the empirical pool we

compute the cross-technology median growth trajectory (a sequence of medians indexed

by diffusion level, not a smooth curve), and compare them via the sum of squared errors

(SSE). We repeat the surrogate step 100 times and report the SSE distribution. We also

report the proportion of empirical-median points falling within the 95% surrogate-median

confidence interval; perfect replication gives 95%.

Figure 4.16 shows 100 SSEs as solid lines, with shaded regions indicating the 10th−90th

percentiles for each β. Figure 4.16a shows that β = 0.35 yields the lowest SSE, indicating

the best replication of observed median growth patterns. SSE increases consistently for

β > 0.4, with β = 1 (logistic) yielding a median SSE nearly 2 times higher than β = 0.35.

Similarly for very low β values (β < 0.2), SSE increases. Figure 4.16b shows the proportion

of points on the empirical median growth trajectory that fall within the 95% confidence

interval of the surrogate median growth trajectory for each technology-invariant β value.

Lower β yields higher coverage: β < 0.4 captures essentially all empirical points within the

95% CI, suggesting the surrogate CI is too wide. Higher β yields lower coverage: β > 0.8

captures fewer points, and β = 1.5 only 70–80%, indicating poorer replication of observed

growth patterns. For β ∈ [0.5, 0.8], the proportion fluctuates between 90 − 100%, with

the median near 95%.20 For β = 0.6 and β = 0.66, the mean proportion is 96% and 92%

20The empirical median growth trajectory has 10 points, so we expect 9-10 points within the
95% CI. Over 1000 simulations, this yields a mean coverage of approximately 95%.

194



(a) SSE of technology-invariant β (b) Proportion of realized median within 95%
CI

Figure 4.16: Sum of squared errors (SSE) between median growth trajectories from
surrogate data and empirical data across varying technology-invariant β values. Lower
SSE indicates better replication of observed growth patterns. (a) Median SSE across
100 repetitions of 1000 simulations of the 120-technology ensemble shown as solid line;
shaded region indicates the 10th − 90th percentile. (b) Plot showing the proportion of
empirical median growth trajectory points that fall within the 95% confidence interval
of the surrogate median growth trajectory for each technology-invariant β value. Shaded
region indicates 10th − 90th percentile across 100 repetitions. Perfect replication would
yield 95% of points within the 95% CI.

respectively, indicating good replication of observed growth patterns.21 Analyzing the 90%

CI yields similar results, with β ∈ {0.6, 0.66} both yielding mean proportions of 89%.

Conclusion: Justification for a technology-invariant β, with β = 2/3. Models

with predetermined inflection points (Gompertz [11], Logistic [12]) and flexible inflection

points (Bass [4], Richards [14]) all fit adoption data reasonably well [44, 49, 66, 69] (Section

4.15). However, the large variation in estimated βi values indicates estimation uncertainty,

which increases overfitting risk and degrades out-of-sample forecasts [31].

Multiple technology-invariant values of β yield similar fit quality (Figure 4.14b). When

replicating the distribution of estimated βi values (Figure 4.15), multiple technology-

invariant β values work well, e.g., β = 2/3. Lower β slightly over-emphasizes the peak at low

β values in the distribution. β > 2/3 have lower K-S distances for the full distribution, but

under-emphasize the peak at low β values. Out-of-sample growth replication (Figure 4.16a)

21The last empirical growth data-point tends to fall slightly outside the 95% CI, indicating
potential systematic model misspecification. See Figure 4.20b.
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indicates β ∈ [0.2, 0.4] best replicates observed growth patterns (lowest SSE) favoring β < 1

(right-skewed S-curves), where β = 0.35 yields the lowest SSE. β ∈ [0.5, 0.8] tends to yield

the expected coverage of 95% of points within the 95% CI (Figure 4.16b), across the 1000

simulations.

No single value of β is best on every criterion. The full-distribution KS test favors

β = 1.28, the growth-replication SSE favors β ≈ 0.35, and the clipped-distribution KS test

favors β = 2/3. We choose β = 2/3 as a pragmatic compromise: (i) the upward estimation

bias documented above means the empirical median 1.28 overstates the true β; (ii) β = 2/3

provides the best match to the clipped distribution; (iii) β ∈ [0.5, 0.8] yields approximately

the expected 95% coverage in the growth-replication exercise. Section 4.16 confirms that

β = 2/3 yields reasonable out-of-sample forecasting performance: β = 1/3 and β = 1.5 are

significantly worse, while β = 0.5 and β = 1 (logistic) perform similarly but slightly worse.

4.13.2 Moving average parameter

The MA(1) parameter ρ in our DGP (Eq. 4.17) controls temporal correlation in the noise:

σi(ρϵi,t−1 + ϵi,t), where ϵi,t ∼ N (0, 1). This parametrization means the noise at time t

depends on both the current white noise draw ϵi,t and the white noise draw from the

previous time step ϵi,t−1, weighted by ρ.

Literature support and justification. Baumgartner et al. [31] discuss positive

autocorrelation (ρ > 0) in residuals of technology diffusion. Whether observed autocorrela-

tion arises from unmodeled factors, model misspecification, or inherent adoption dynamics

remains unclear. Autocorrelation is difficult to estimate accurately and is sometimes

technology-invariant for parsimony [30]. We use a technology-invariant ρ rather than

estimate technology-specific ρi values.
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Estimating the MA(1) parameter from empirical data. To estimate ρi from

empirical data, we fit the B-R model (Eq. 4.6) via NLLS to estimate L̂i and β̂i, transform

the coordinate to a linear model by applying the GFP transform f(Yi,t; L̂i, β̂i), regress the

transformed data on time, and obtain residuals Si(t). We estimate ρi using Maximum

Likelihood Estimation (MLE) via an ARIMA(0,0,1) model fitted to the residuals. We

then assess how well a technology-invariant ρ replicates the empirical distribution of ρ̂i

using empirical surrogate datasets (Section 4.9), generated with the candidate technology-

invariant ρ rather than the per-technology ρ̂i. Algorithm 5 summarises the procedure.
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Algorithm 5: Assessing whether a technology-invariant DGP parameter ρ
replicates the empirical distribution of estimated MA(1) parameters.

Input: Empirical technology time-series {Yi,t}120i=1

Output: Distribution of estimated ρi values from surrogate data
Step 1: Estimate parameters from empirical data

foreach technology i = 1 to 120 do
Fit B-R curve to obtain ρ̂i:
Fit L̂i and β̂i via NLLS; apply the GFP transform f(Yi,t; L̂i, β̂i) and
estimate other parameters via OLS

Calculate residuals Si(t)
Estimate MA(1) parameter ρ̂i using MLE via ARIMA(0,0,1) model fitted
to residuals

end
Step 2a: Generate surrogate data (M simulations)

foreach simulation s = 1 to M do
foreach technology i = 1 to 120 do

Generate Y
(s)
i (t) using the DGP (Eq. 4.17) with parameters

θ̂i = {L̂i, k̂i, t̂0,i, σ̂i} (estimated using β = 2/3 and technology-invariant
ρ = ρ̃), β = 2/3, technology-invariant ρ, and ϵT = 0

end

end

Step 2b: Estimate ρ̂
(s)
i from surrogate data

foreach simulation s = 1 to M do
foreach technology i = 1 to 120 do

Estimate L̂
(s)
i and β̂

(s)
i from NLLS regression on Y

(s)
i (t)

Apply f(Y
(s)
i , L̂

(s)
i , β̂

(s)
i ) (GFP transform) and regress on time

Calculate residuals S
(s)
i (t)

Estimate MA(1) parameter ρ̂
(s)
i using MLE via ARIMA(0,0,1) model

fitted to residuals
end

end

Step 3: Collect estimated ρ̂
(s)
i values

foreach simulation s = 1 to M do

Store ρ̂(s) = {ρ̂(s)i }120i=1

end

Step 4: Collect estimated ρ̂(s) values across simulations
Store ρ̂M = {ρ̂(s)}Ms=1

Step 5: Compare MA(1) parameter distributions
Compute Kolmogorov-Smirnov distance:

DKS(ρ) = supx |Fempirical(x)− Fsurrogate(x)|

Results: replicating estimated MA(1) parameter distribution. Figure 4.17

presents the results of applying Algorithm 5 for M = 1000 simulations across technology-

invariant ρ values ranging from 0 to 0.95 in steps of 0.05. Figure 4.17a shows the KS distance

between the empirical distribution of estimated MA(1) parameters ρ̂i from empirical
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(a) KS distance for varying ρ (b) Histogram comparison for ρ = 0.8

Figure 4.17: (a) KS distance between estimated MA(1) parameter distributions from
surrogate data versus empirical data for varying technology-invariant ρ values. Lower
KS distances indicate more similar distributions. (b) Histograms comparing estimated
MA(1) parameter distributions from surrogate data (orange) versus empirical data (blue)
for technology-invariant ρ = 0.8.

data and that from surrogate data for varying technology-invariant ρ values. Using

technology-invariant ρ = 0.8 (Figures 4.17a, 4.17b) reasonably replicates the estimated

MA(1) parameter distribution, with Kolmogorov-Smirnov distance DKS = 0.08 and p-

value 0.35, making it the only tested value not significantly different from the empirical

distribution. The empirical histogram shows more mass between −0.2 and 0.4, which is

not well captured by any tested ρ value.22

Impact of ρ on forecasts. Autocorrelation and stochastic shocks increase the un-

certainty of forecasts, but play a relatively minor role in forecast variance compared to

parameter uncertainty, as discussed in Section 4.16. The choice of ρ therefore has limited

impact on the overall forecast distribution.

22Results remain consistent when using L̂i from NLLS fitting using technology-varying β̂i, which
has a minimal effect on the L̂i estimate. In that case ρ = 0.8 has lowest KS-distance, with only
ρ = 0.8 and ρ = 0.85 yielding non-significant p-values (p-value > 0.05).
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4.13.3 Terminal residual

The terminal residual ϵi,T is the standardised noise at the final observation time T . In

the MA(1) process, the noise at time T is σi(ρϵi,T−1 + ϵi,T ), which propagates into the

forecast at T + 1 through σi(ρϵi,T + ϵi,T+1). One could estimate technology-specific ϵi,T

values as additional parameters during Bayesian inference, but this adds a free parameter

per technology and increases overfitting risk.

By construction of our noise model, ϵi,T ∼ N (0, 1), so E[ϵi,T ] = 0. We therefore set

ϵi,T = 0 universally: for each technology, we take the realized noise at the final observation

to be at its expected value.

In practice, the forecast distribution is also anchored to the last observed value via

a level-shift applied at the forecast origin (Section 4.7). This is distinct from the MA(1)

terminal residual and does not contradict the choice ϵi,T = 0.

4.13.4 Summary and limitations

We use three technology-invariant parameters to reduce overfitting and simplify the model:

(1) β = 2/3, (2) ρ = 0.80, and (3) ϵT = 0. Empirical data shows substantial heterogeneity

in estimated βi and ρi values. However, surrogate data generated with technology-invariant

parameters reasonably replicates the empirical distributions of estimated βi and ρi values

(Figures 4.15 and 4.17). This suggests that observed heterogeneity in parameter estimates

may reflect estimation uncertainty rather than true technological heterogeneity, though

the technology-invariant parameters chosen here may not fully capture all observed hetero-

geneity. Section 4.16 compares forecasting performance using these technology-invariant

values versus technology-specific estimates.
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4.14 Testing for empirical regularities

This section examines regularities in the 120 time-series dataset. First, we test whether

technologies grow exponentially at early diffusion stages, as reported in [15, 23, 29, 31].

Second, we compare empirical growth-rate behavior against the empirical surrogate datasets

of Section 4.9 generated with β = 2/3. Third, we compare the stochastic variation in

the empirical data to the same surrogates across diffusion levels. Finally, we test three

additional regularities noted in the literature.

Note on box plots. All box plots in this section (and the main text) are binned for

equal time intervals or diffusion intervals. Therefore, box plots do not necessarily contain

the same number of data points. We make this choice to account for the non-linear diffusion

process. Binning similar time or diffusion points is more informative than binning equal

numbers of points, which may span large ranges of time or diffusion levels and obfuscate

trends.

Box plots follow the standard definition: the box spans the interquartile range (IQR,

25th to 75th percentile), a horizontal line within the box indicates the median, and whiskers

extend to the smallest and largest values within 1.5× IQR of Q1 and Q3, unless otherwise

stated. We exclude points beyond the whiskers.

4.14.1 Do technologies grow exponentially?

The B-R family of models has exponential growth at early stages. Approximate exponential

growth has been observed in many cases [23], but there are also cases in which this

assumption is violated [91]. Here we examine the extent to which the technologies in our

database exhibit approximate exponential behavior in early stages and flag the technologies

for which this seems to be a poor assumption.
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Setup. We define the early diffusion stage as the first 10% of diffusion. We identify

this by estimating the asymptote Li via NLLS and keeping all observations Yi,t such

that Yi,t/Li ≤ 0.10. Results are similar when using Li := maxt Yi,t. When fewer than 6

observations exist in the first 10%, we use the first 5 observations of the series.

For each technology, we then calculate yearly growth rates as the annualized log-

differences:

∆ log Yi,h(t) =
log Yi(t)− log Yi(t− h)

h
, (4.47)

where h is the number of years between consecutive observations (typically h = 1; we use

larger h only when data gaps prevent adjacent-year pairs). Under deterministic exponential

growth, ∆ log Yi,t is constant. To test this, we regress ∆ log Yi,t on time as

∆ log Yi,t = αi + γit + ϵi,t, (4.48)

and test H0 : γi = 0 using the t-statistic. We use p < 0.01 as the threshold for rejecting

exponential growth. The sign of significant γi values is informative: negative γi would

indicate the rapid-then-stabilising pattern reported by Comin et al. [91].

Results. Figure 4.18a shows p-values for the slope from regressing ∆ log Yi(t) on time, as

per (4.48), against R2.23 That is, we test whether growth rates are constant (exponential

growth) at early diffusion stages. Testing at the 1% significance level, 89% of the 131

technologies have slopes not significantly different from zero. This means 15 technologies

have significant slopes (14 from the 120-technology set plus Batteries from the TWh

energy data). Figure 4.18b shows all the estimated slopes plotted against R2. All but

one significant slope are negative. This is in line with Comin et al. [91], who report fast

initial growth that levels off to exponential growth. Figure 4.18c shows that the significant

23All analysis uses the 120-technology set. For Figure 4.18a, we additionally include the 11
useful-energy technologies in TWh introduced in Section 4.11 (131 series total).
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technologies span multiple industries, with slopes predominantly negative and near 0.

Figure 4.18d shows the same significant technologies after excluding the first 0.5% of

diffusion, revealing that most become non-significant.24 This suggests that the initial rapid

growth occurs at very low diffusion levels (< 0.5%), after which growth rates stabilize.

(a) P-values vs. R2 (b) All technologies: slopes vs. R2

(c) Significant technologies (0–10% diffusion) (d) Significant technologies (0.5–10% diffusion)

Figure 4.18: Testing whether technologies exhibit exponential growth at early diffusion
stages (0–10%). (a) P-values vs. R2 for 131 technologies (120-technology set plus 11
TWh energy technologies, highlighted). (b) Slopes vs. R2 for all technologies; 89% have
non-significant slopes (gray). (c) Slopes for the 15 significant technologies. (d) Same
technologies after excluding first 0.5% of diffusion; most become non-significant. Those
with fewer than 5 data points after exclusion are omitted.

Figure 4.19 further zooms in on 9 of the 15 technologies with significant slopes,25

showing the annual growth rates against the adoption level.

Figure 4.19 shows that technologies (a–f) grow rapidly at < 0.5% diffusion and slow to

24Those technologies with less than 5 data points after excluding the first 0.5% are omitted.
25The other 6 technologies (including Batteries from the TWh energy data) have slopes near 0 or

behave similarly to those shown.
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(a) Automobile travel (b) Sand and gravel construc-
tion

(c) Sewing machines

(d) Nuclear weapons (e) Phone subscriptions (f) Railroad tracks

(g) Canals (h) Monasteries (i) Crop harvesters

Figure 4.19: Log-differences for technologies with significant slopes. 9 of 15 technologies
shown (14 from the 120-technology set plus Batteries from TWh energy data; Batteries
not shown). (a)–(f) have negative slopes under regression. Growth is rapid at < 0.5%
diffusion, then decreases toward constant growth (exponential). (g) Canals and (h)
Monasteries have decreasing growth (marginally significant). (i) Crop harvesters has
positive slope: accelerating growth at < 0.2% diffusion, decelerating from 0.5% to 1.5%,
then approximately exponential growth.

exponential by ∼ 1% diffusion, consistent with [91]. Canals and Monasteries (Figures 4.19g,

4.19h) show marginally significant decreasing growth throughout. Crop harvesters (Fig-

ure 4.19i) shows a different pattern: accelerating growth, then decelerating, before reaching

exponential behavior.

Limitations of the model at very early diffusion stages. The B-R curve

assumes exponential growth at early diffusion stages. Figure 4.19 shows that 10% of

technologies exhibit accelerated growth at < 1% diffusion, decaying to exponential. The
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B-R model does not capture this behaviour, but the period is short and occurs at very low

diffusion, so the impact on model fit and forecasts is minimal. Comin et al. [91] suggest

the pattern may occur more broadly. Whether our 10% figure reflects reality or systematic

data omission at very early stages is unclear.

4.14.2 Replicating observed growth behavior

This subsection provides the SI methodology and evidence behind the in-sample universality

of growth paths shown in main paper Figure 2. Here we test whether the B-R curve with

β = 2/3 approximates observed growth behavior by normalizing log-differences and time

to pool technologies, and compare the empirical pool to the surrogate ensemble generated

under the same DGP (Section 4.9).

Normalizing growth rates and time. At early diffusion (t≪ t0), the B-R curve

has ∆ log Yi,t ≈ ki independently of β. We normalize log-differences by k̂i (median growth

rate from first 10% diffusion) and time by k̂i(t− t̂0,i):

∆ log(n) Yi,t =
∆ log Yi,t

k̂i
, t(n) = k̂i(t− t̂0,i)

This collapses all technologies onto a universal curve: ∆ log(n) Yi,t ≈ 1 at early diffusion,

≈ 0 at late diffusion.

Mathematical justification. All B-R curves with the same β have identical shape

in GFP-coordinates but differ in three technology-specific parameters: growth rate ki,

inflection time t0,i, and asymptote Li. At early diffusion (t ≪ t0, approximately Yi,t <

0.1Li), the GFP-transformed data satisfies log(Yi,t/Li) ≈ ki(t−t0,i)+ϵi,t, giving ∆ log Yi,t ≈
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ki + ϵi,t+1 − ϵi,t. Thus:

P50[∆ log Yi,t] ≈ ki for Yi,t ≤ 0.1Li

This provides a consistent estimator k̂i = P50[∆ log(Yi,t/Li)] at early diffusion.

For time alignment, rearranging the early-diffusion approximation gives kit0,i = kit−

log(Yi,t/Li) + ϵi,t. Taking medians:

k̂it̂0,i = k̂iP50[t]− P50[log(Yi,t/Li)], so t̂0,i = P50[t]−
P50[log(Yi,t/Li)]

k̂i

Normalized time t(n) = k̂i(t− t̂0,i) aligns all technologies at their inflection points, removing

rate and timing differences. Normalizing growth rates by k̂i removes rate scaling, collapsing

all curves onto a universal shape determined solely by β.
We use medians rather than OLS for robustness to outliers and deviations from

exponential growth at very early diffusion. Comin et al. [91] report rapid initial growth
that decays toward exponential behavior. Figure 4.19 confirms this pattern: ∼ 10%
of technologies exhibit non-exponential growth at < 0.5–1% diffusion before stabilizing.
Median estimation is robust to these transient dynamics.

Algorithm 6: Replicating growth behavior with universal β

Input: Technology time-series {Yi,t}120i=1

Output: Comparison of empirical vs. simulated growth behavior
Step 1: Normalize empirical data:

foreach technology i = 1 to 120 do
Calculate ∆ log Yi,t using Eq. 4.47; define Li = maxt Yi,t
Estimate k̂i = P50 [∆ log(Yi,t/Li) : Yi,t ≤ 0.1Li]

Estimate t̂0,i from median: t̂0,i = P50[t]− P50[log(Yi,t/Li)]/k̂i
Normalize: ∆ log(n) Yi,t = ∆ log Yi,t/k̂i, t

(n) = k̂i(t− t̂0,i)

end

Calculate median growth trajectory: P50[∆ log(n) Yi,t]
Step 2: Generate and normalize surrogate data:

foreach simulation s = 1 to M = 1,000 do

Generate {Y (s)
i (t)}120i=1 using DGP (Eq. 4.17) with θ̂i, β = 2/3, ρ = 0.8

Apply Step 1 normalization to obtain {∆ log(n) Y
(s)
i (t)}120i=1

Calculate surrogate median: P50[∆ log(n) Y
(s)
i (t)]

end
Step 3: Compare distributions:

Compare empirical median P50[∆ log(n) Yi,t] to distribution of surrogate

medians {P50[∆ log(n) Y
(s)
i (t)]}s
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Algorithm 6 compares median growth behavior from empirical data to surrogate

data generated with β = 2
3 . The algorithm outputs the distribution of median growth

trajectories from M = 1,000 surrogate datasets for comparison to the empirical median

growth trajectory.

Results. Figure 4.20 shows the representative growth trajectory (median time-binned

log-differences of empirical data) compared to the Bertalanffy-Richards growth-rate profile

with β = 2
3 and the distribution of median normalized log-differences from 1,000 surrogate

data simulations (as per Figure 2d in the main text). We also show the 5-year moving

average of log-differences for all technologies. Figure 4.20a shows that growth behaviour is

(a) Collapse plot of log-differences (empirical
data)

(b) Collapse plot of log-differences (simulated
data)

Figure 4.20: Collapse plot of log-differences against diffusion level. (a) Collapse plot of
log-differences of 120 technologies (empirical data). Grey lines are 5-year moving averages
of log-differences for each technology. Box-and-whisker plot shows binned median and
interquartile range across technologies. Blue line shows median. Black dashed line shows
Bertalanffy-Richards curve with β = 2

3 . (b) Collapse plot of log-differences (log-scale)
from 1,000 surrogate datasets generated with β = 2

3 . Vertical lines show the 2.5− 97.5th

percentiles. Blue line (and triangles) shows median across simulations. Black dots show
median from empirical data (from (a)).

volatile across technologies, even with 5-year moving averages. The median log-differences

(blue line) closely follow the B-R curve with β = 2
3 , with small deviations at high diffusion

levels. Figure 4.20b compares the empirical median to surrogate data, showing minimal

differences.

Figure 4.20b shows that all empirical median log-differences lie within the 2.5− 97.5th
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percentiles: any point outside would be marked as a red square, but none are present.

Notably, after 10% adoption, empirical median boxes consistently lie above the simulated

median triangles. In particular, although it still lies within the error bars, the last empirical

median (rightmost black square) lies in the upper tail of the surrogate distribution. This

pattern is consistent with the saturation-noise misspecification of Section 4.9: the surrogate

band tightens toward zero at high d while empirical log-differences retain variability, biasing

their cross-technology median into the surrogate’s upper tail. Section 4.16 confirms the

same pattern in forecast errors. We use the full-series estimate of σ̂i here, as is appropriate

for diagnostic replication tests (Section 4.9).

4.14.2.1 Collapse plot of technology adoption curves

We collapse technology time-series onto a single plot with L = 1, k = 1, t0 = 0 using

Eqs. 4.19, 4.20, and 4.21. We then create collapse plots for both levels of adoption, and

their GFP transformation (Figures 2a and 2b in main text).

We estimate parameters as follows. For β, we assume β = 2
3 in both cases. For the

collapse of the levels, we use NLLS estimates of L̂i, k̂i, and t̂0,i. For the GFP collapse,

we first estimate L̂i by NLLS, then apply the GFP transform f(Yi,t; L̂i, β) (Eq. 4.16) and

regress f(Yi,t; L̂i, β) on time to estimate k̂i, t̂0,i, and σ̂i. We then apply normalization

per Eqs. 4.19, 4.20, and 4.21. For the GFP collapse plot, we additionally normalize time

by dividing by σ̂i. That is, the GFP-transformed data satisfies yi,t = ki(t− t0,i) + σiηi,t,

and after setting k = 1 and t0 = 0 (via the standard normalization), the residual scale σi

still varies across technologies. Dividing time by σ̂i removes this last technology-specific

quantity, ensuring complete collapse.

Figure 4.21 shows collapse plots for GFP transformation and levels of adoption, with

selected technologies highlighted. Figure 4.21 shows that the data collapses onto a single

plot. The median of the ensemble (black line) tracks the model (red dashed line) closely,
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(a) Collapse plot of the data under the GFP
transformation

(b) Collapse plot of the data in levels

Figure 4.21: Collapse and binned box plots for Bertalanffy-Richards (β = 2/3) curve fits.
Black line: median of ensemble. Red dashed line: model. (a) Data under the generalized
Fisher-Pry transformation with selected technologies highlighted. (b) Untransformed data
with energy technologies highlighted.

and technologies across sectors (highlighted) collapse onto similar diffusion paths.
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Test to replicate observed technology S-curves. We test whether the DGP

(Eq. 4.17) approximates the stochastic variation observed in the data, comparing the

normalized empirical ensemble to the normalized empirical surrogate ensemble (Section 4.9)

via Algorithm 7.

Algorithm 7: Testing homoskedasticity and normality of noise

Input: Technology time-series {Yi,t}120i=1

Output: Assessment of homoskedasticity and normality of residuals
Step 1: Calculate normalized residuals from empirical data:

foreach technology i = 1 to 120 do

Fit Bertalanffy-Richards curve via NLLS to obtain L̂i for each technology
Apply GFP transform f(Yi,t; L̂i, β) to estimate remaining θ̂i
Normalize data per Eqs. 4.19, 4.20, 4.21

Calculate standard deviation of residuals std(ϵ̂i) =
√

1
Ti−1

∑
t(ϵ̂i,t − ϵ̄i)2

Normalize data: f
(n)
i (t) = f(Yi,t; L̂i, β)/std(ϵ̂i)

end

Define set of normalized data: f (n)(t) = {f (n)
i (t)}120i=1

Step 2: Generate surrogate data and calculate residuals:
foreach simulation s = 1 to M = 1,000 do

foreach technology i = 1 to 120 do

Generate Y
(s)
i (t) using DGP (Eq. 4.17)

with θ̂i, β = 2
3 , and ρ = 0.8

end
Calculate normalized data for surrogate data as in Step 1

Define the set of normalized data: f
(n)
s (t) = {f (n)(s)

i (t)}120i=1

end

Define set of simulations: {f (n)
s (t)}Ms=1

Step 3: Compare distributions:
Compare ensemble normalized data (Step 1)
to distribution of normalized ensemble from surrogate data (Step 2)
across all normalized time units

Under the DGP, the distributions of normalised data from real and surrogate data

should match across all diffusion levels. We calculate residuals as

ϵ̂i,t = f(Yi,t; L̂i, β)− k̂i(t− t̂0,i), (4.49)

and normalised residuals as

ϵ̂
(n)
i,t =

ϵ̂i,t
std(ϵ̂i)

, (4.50)

where std(ϵ̂i) is the standard deviation of residuals for technology i under the GFP
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transform.

Replicating ensemble behavior. Figure 4.22 shows box-plots of f (n)(t) (normalized

GFP-transformed data from Step 1 of Algorithm 7) with surrogate data {f (n)
s (t)}Ms=1

shaded. This is Figure 2c in main text. Further, we complement this with a similar

collapse using technology-specific βi. That is, we apply Algorithm 7, but use βi instead of

β = 2/3 in step 1. We keep β = 2/3 in step 2 to generate surrogate data (i.e., estimate

parameters of empirical data using β = 2
3 for surrogate generation), since we want to test

whether the DGP with a universal β can approximate the stochastic variation observed

in the data. We run 1000 simulations for 120 surrogate technology time-series and plot

the distribution of normalized data from surrogate data against the normalized data from

empirical data. The median of the ensemble (black dots) is highly consistent with the

(a) Collapse assuming β = 2
3 (b) Collapse using technology-specific βi

Figure 4.22: Collapse plot of normalized GFP-transformed data f (n) against normal-
ized time, overlaid with 1,000 ensembles of 120 technology surrogate data from DGP
(Algorithm 7). Box-plots: distribution of normalized data from empirical data ensemble.
Whiskers are 2.5− 97.5th percentile. Shaded regions: 25− 75th and 2.5− 97.5th percentile
ranges of surrogate data. Proportions shown indicate empirical data within each percentile
range. Black dots: median of ensemble in each box-plot. Red line: median of surrogate
data. (a) Collapse assuming β = 2

3 . (b) Collapse using technology-specific βi.
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median of surrogate data (red line) in both Figure 4.22a and Figure 4.22b. In both cases,

≈ 95% of the data lie within the 2.5-97.5th percentile range of surrogate data (94.9%

when assuming β = 2
3 , 94.5% when using technology-specific βi). However, the proportions

of empirical data outside the 25–75th percentile range are higher than expected. This

suggests that the data exhibit heavier tails than the DGP, which assumes normality after

the generalized Fisher-Pry transformation. These deviations (heavier tails, leptokurtic

distribution) represent limitations of the normality assumption.

The results are similar when using technology-specific βi for collapse or assuming β = 2
3 .

Note that while Figure 4.22b uses technology-specific βi for the empirical collapse, we still

generate surrogate data with β = 2/3 to test whether a universal β can approximate the

observed stochastic variation. The similarity in collapse indicates that it can. Despite the

heavy-tailed deviations from the normality assumption, the replication shown in Figure 4.22

indicates that the DGP is a reasonable approximation for forecasting, and we use it in

subsequent sections.

4.14.3 Other regularities in technology diffusion from litera-

ture

Here we test three additional regularities reported in previous studies: (1) Are technologies

diffusing faster over time [16]? (2) Are ICT technologies diffusing faster than other

technologies [204]? (3) Do technologies with higher growth rates have more uncertainty?

Are technologies diffusing faster over time? Grubler [16] reports technologies

diffuse faster over time. Figure 4.23 shows26 estimated k̂i against year of first observation

(Figure 2f in main text) and against t̂0,i. Red squares: ICT technologies. Colored lines:

linear regression lines. log k̂i and the year of first observation are positively correlated

26Monasteries (1100s) excluded.

212



(a) log ki vs. year of first ob-
servation

(b) log ki vs. t0,i (c) ki vs. year of first observa-
tion (ICT vs non-ICT)

(d) ki vs. t0,i (ICT vs non-
ICT)

(e) ki vs. year of first obser-
vation (ICT vs non-ICT, excl.
early diffusers)

(f) ki vs. t0,i (ICT vs non-ICT,
excl. early diffusers)

Figure 4.23: Estimated growth rate k̂i against time (log-scale). Red dots: ICT tech-
nologies. Colored lines: regression lines. (a) k̂i vs. year of first observation. (b) k̂i vs.
estimated t̂0,i. Blue line: linear regression line with positive slope. (c) k̂i vs. year of

first observation, ICT (red) vs non-ICT (blue). (d) k̂i vs. estimated t̂0,i, ICT (red) vs

non-ICT (blue). (e) k̂i vs. year of first observation, ICT (red) vs non-ICT (blue), excluding
technologies before 1900. (f) k̂i vs. estimated t̂0,i, ICT (red) vs non-ICT (blue), excluding
technologies before 1900.

(R2 = 0.48, slope = 0.01; Figure 4.23a). The correlation between log k̂i and t̂0,i is positive

(R2 = 0.24, slope = 0.009; Figure 4.23b). Newer technologies diffuse faster in this dataset,

consistent with [16]. This result may reflect selection bias: the dataset includes only

technologies that diffused sufficiently. Slow-diffusing recent technologies may not yet have

reached required thresholds, skewing the sample toward faster-growing technologies in

recent years.
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Are ICT technologies diffusing faster? Tankwa et al. [204] report that ICT

growth rates exceed non-ICT when analyzing country-level data, attributing this to

modularity, consistent with [211]. Figures 4.23c–4.23f compare ICT and non-ICT growth

rates. Table 4.8 shows statistical tests. Comparisons: ICT vs. all non-ICT, and ICT vs.

non-ICT in similar time-period (after first ICT technology observation). Table 4.8 indicates

Metric Non-ICT p-value ICT p-value Non-ICT
(all) (vs ICT) (vs ICT) (same time-period)

Median ki 0.21 – 0.34 – 0.22
Mann-Whitney U test – 0.29 – 0.40 –
K-S test – 0.21 – 0.32 –

Slope of OLS 0.010 – 0.012 – 0.012
(log ki vs. year of first observation)
Slope of OLS 0.009 – 0.015 – 0.009
(log ki vs. t0,i)

Table 4.8: Statistical tests comparing growth rates of ICT vs. non-ICT technologies,
generated by make tab S21.py in the replication package. Technologies first observed
before 1700 (one technology, monasteries) are excluded; the same time-period subset
comprises non-ICT technologies first observed in 1850 or later (the earliest ICT technology,
telegraphs, appears in 1856). ICT median ki = 0.34, non-ICT median ki = 0.21, non-ICT
(same time-period) median ki = 0.22. Mann-Whitney U test p-values: 0.29 (ICT vs. all
non-ICT), 0.40 (ICT vs. non-ICT same period). K-S test p-values: 0.21 (ICT vs. all
non-ICT), 0.32 (ICT vs. non-ICT same period). OLS slopes (log ki vs. year of first
observation): 0.010 (non-ICT all), 0.012 (ICT), 0.012 (non-ICT same period). OLS slopes
(log ki vs. t0,i): 0.009 (non-ICT all), 0.015 (ICT), 0.009 (non-ICT same period).

that ICT technologies have higher median growth rates than non-ICT technologies (both

when compared to all non-ICT and to the same time-period subset). The difference is not

statistically significant (Mann-Whitney U p-values: 0.29, 0.40). The small ICT sample size

(n = 10) may limit statistical power.

Table 4.8 and Figures 4.23c, 4.23d: ICT growth rates increase faster over time than

non-ICT growth rates. The slope difference is smaller when comparing log ki vs. year of

first observation (0.012 vs. 0.010), but larger when comparing log ki vs. t0,i (0.015 vs.

0.009).

Excluding technologies that diffused before 1900, the slope difference decreases (Fig-
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ures 4.23e, 4.23f). For ki vs. year of first observation (Figure 4.23e), non-ICT growth rates

increase marginally faster, though not significantly. The difference observed when including

all technologies may be driven by varied growth patterns among early diffusers. When

controlling for time period, ICT and non-ICT growth rates may increase at similar rates.

Notably, these results are subject to dataset limitations. The dataset only includes

technologies that have surpassed certain diffusion thresholds, which may bias the sample

toward faster diffusing technologies, especially in time-periods closer to the present day.

Thus, we should interpret conclusions regarding ICT vs. non-ICT growth rates with

caution.

Do technologies with higher growth rates have more uncertainty? Farmer

and Lafond [30] report that technologies with faster cost improvements have higher volatility.

Here we test a similar phenomenon, but for technology diffusion. Figure 4.24 shows

estimated σ̂i against estimated k̂i.

Figure 4.24 shows that the correlation between k̂i and σ̂i is only slightly positive,

with R2 = 0.06 and a slope of 0.33. The data are noisy, suggesting the relationship may

be spurious. This dataset shows a weak positive relationship between growth rate and

uncertainty, weaker than the learning rate-volatility relationship reported in [30].
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Figure 4.24: Estimated growth rate k̂i against estimated noise parameter σ̂i. Correlation:
R2 = 0.06, slope = 0.33.

4.15 Comparison of S-curve models

The literature is unclear on S-curve model selection [41, 69, 84, 86]. We show that Gompertz,

logistic, and Bertalanffy-Richards models produce reasonable in-sample fits (R2 ≈ 0.93)

despite assuming different S-curve functional forms. In this section, we analyze which model

best captures empirical growth dynamics. We then show that ensemble averaging across

technologies with heterogeneous parameters (i.e. ki and t0,i drawn from a distribution)

creates apparent Gompertz-like decay even when individual series follow logistic or B-

R dynamics. This helps explain why empirical studies sometimes favor Gompertz and

sometimes logistic, while B-R is often not considered (Section 4.6).

We perform three analyses: (1) Compare R2 values to confirm similar in-sample fit

quality. (2) Compare the growth collapse plot and show that ensemble averaging across

time-series can make the Gompertz curve appear accurate even when individual technologies
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exhibit logistic- or B-R-like exponential growth at early stages. (3) All three models fail

to varying degrees to describe early diffusion dynamics, consistent with Comin et al. [91].

We conclude that Gompertz exhibits systematic early-stage misspecification. Ensemble

averaging explains why pooled data may indicate a good fit, even though the underlying

growth is actually better explained by another model. The B-R model (with β = 2/3) is

the least misspecified, but the logistic model (β = 1) is also reasonable. The backtesting

comparison in Section 4.16.1 provides the out-of-sample evidence underpinning the choice

of B-R as the default forecasting model.

4.15.1 Theoretical differences between Gompertz and logis-

tic curves

We compare growth behaviour under Gompertz and logistic models. Both provide rea-

sonable fits despite prescribing fundamentally different early-stage dynamics: Gompertz

assumes exponentially decaying growth, while the logistic assumes approximately constant

exponential growth at early stages.

As derived in Section 4.6, the Gompertz curve features exponentially decaying growth

at all diffusion levels:

d log Y

dt
= k exp(−k(t− t0))

In contrast, the logistic curve exhibits approximately constant exponential growth at

early diffusion, then exponentially decaying growth at late diffusion:

d log Y

dt
=

k

1 + exp(k(t− t0))

≈ k for t≪ t0 (early diffusion: exponential growth)

≈ k exp(−k(t− t0)) for t≫ t0 (late diffusion: Gompertz-like decay) (4.51)
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Under the Gompertz model, growth rates decay exponentially throughout diffusion,

implying the logarithm of log-differences (log-log-differences) should be linear in time.

Under the logistic (and Bertalanffy-Richards) model, growth rates remain approximately

constant at early stages, implying log-differences should be roughly constant initially before

decaying later.

4.15.1.1 Goodness of fit

Figure 4.25 compares adjusted R2 values for Gompertz, logistic, and B-R curves (β̂i and

universal β = 2/3) across both datasets. All four model variants — Gompertz, logistic,

(a) Adjusted R2 values for raw data (b) Adjusted R2 values for clean data

Figure 4.25: Comparison of R2 values across Gompertz, logistic, and Bertalanffy-Richards
models. (a) Comparison for raw data and (b) comparison for final dataset. All curves
yield similar R2 distributions with similar median R2 values.

B-R with fixed β = 2/3, and B-R with estimated β̂i — provide similar ad-hoc fits on both

the raw (Figure 4.25a) and clean data (Figure 4.25b), with Gompertz having the lowest

median adjusted R2 of 0.91.

4.15.2 Ensemble growth behavior under different S-curve

assumptions

We compare how well the Gompertz and logistic models capture ensemble growth behavior

using collapse plots of log-differences (cf. B-R collapse in Figure 4.20b). Algorithm 8

218



details Gompertz normalization; see Section 4.14 for logistic and B-R curves.

Mathematical derivation of normalization factors. For the Gompertz curve

with growth rate d log Y
dt = k exp(−k(t − t0)), integrating over discrete time step h = 1

yields:

∆ log Yi,t = [1− e−ki ] exp(−ki(t− t0,i)). (4.52)

Taking logarithms yields

log ∆ log Yi,t = log(1− e−ki)− ki(t− t0,i).

This expression is linear in time throughout the entire diffusion curve, allowing parameter

estimation on the full sample. We regress log ∆ log Yi,t on time t using OLS to obtain slope

mi = −ki and intercept bi = kit0,i + log(1− e−ki), giving:

ki = −mi, t0,i =
bi − log(1− e−ki)

ki
.

The normalization factor (1− e−k̂i) arises from the discrete-time integration. Setting time

t̃i = k̂i(t− t̂0,i) and then ∆ log(n) Yi,t = ∆ log Yi,t/(1− e−k̂i) collapses all technologies onto

the universal curve log(∆ log(n) Yi,t) = −t̃i.
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Algorithm 8: Gompertz collapse plot construction

Input: Technology time-series {Yi,t}120i=1

Output: Gompertz collapse plot parameters {ki, t0,i}
Step 1: Calculate log-log-differences:

foreach technology i = 1 to 120 do
Calculate log-log-differences:

log ∆ log Yi,t = log
(
log Yi(t+h)−log Yi,t

h

)
end

Step 2: Estimate parameters via OLS:
foreach technology i do

Regress log ∆ log Yi,t on time t using OLS: log ∆ log Yi,t = mit + bi
Extract parameters:
k̂i = −mi

t̂0,i = bi−log(1−e−k̂i )

k̂i

end
Step 3: Normalize and construct collapse plot:

foreach technology i do

Normalize time: t̃i = k̂i(t− t̂0,i)

Normalize log-differences: ∆ log(n) Yi,t =
∆log Yi,t

1−e−k̂i

end

Plot ∆ log(n) Yi,t vs t̃i on log scale

4.15.2.1 Replicating ensemble growth behavior via simulation

We construct empirical surrogate ensembles (Section 4.9) under each of the three candidate

DGPs (B-R with β = 2/3, Gompertz, logistic) and compare median normalized growth

trajectories to the empirical pool. The procedure follows the standard fit-then-resample

protocol; the only deviation is the substitution of the candidate DGP at the generation

step.

Parameter estimation procedures and normalization factors. For the B-R

curve, the GFP-transform at early diffusion (t≪ t0,i) gives:

− 1

β
log

[(
Li

Yi,t

)β

− 1

]
≈ ki(t− t0,i)

At early diffusion, d log Y
dt ≈ k, so:

∆ log Yi,t = log Yi,t+1 − log Yi,t ≈ ki
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Normalizing by ki gives ∆ log(n) Yi,t = ∆ log Yi,t/ki ≈ 1 at early diffusion.

We estimate L̂i via NLLS fitting of the B-R model, then regress the GFP-transformed

variable on time t using OLS on the first 10% of data (Yi,t < L̂i/10) to obtain slope mi

and intercept bi:

k̂i = mi, t̂0,i = −bi/mi

For the Gompertz model, we apply OLS to the full sample, regressing log ∆ log Yi,t

on time t. As derived above, this yields k̂i = −mi and t̂0,i = (bi − log(1 − e−k̂i))/k̂i.

The normalization factor (1− e−k̂i) arises from integrating the exponential decay. Unlike

logistic and B-R curves where ∆ log Y ≈ k only at early diffusion, the Gompertz curve has

log ∆ log Y linear in time, allowing full-sample estimation.

Thus, normalized log-differences are defined as

∆ log Yi,t/k̂i (logistic and B-R), ∆ log Yi,t/(1− e−k̂i) (Gompertz)

The normalized time is t̃i = k̂i(t− t̂0,i) for all models.
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Algorithm 9: Surrogate data generation under three candidate DGPs
(Gompertz, logistic, and B-R with β = 2/3) for replicating empirical ensemble
growth behaviour. Per-technology parameters are estimated on the early-
data window—first 10% for logistic and B-R, full sample for Gompertz
(which has analytic OLS-on-log-log form). M = 1000 surrogate ensembles
are drawn per DGP and compared to the empirical pool via the cross-
technology median growth trajectory.

Input: Real technology time-series {Yi,t}120i=1

Output: M = 1000 surrogate ensembles under both DGPs
Step 1: Estimate parameters from empirical data:

foreach technology i = 1 to 120 do

Estimate L̂i via NLLS
Regress f(L̂i) on time t to estimate k̂i, t̂0,i
Estimate noise: σi = σϵ,i/

√
1 + ρ2 with ρ = 0.8,

where σϵ,i is OLS residual standard deviation

end
Step 2: Generate surrogate data:

foreach simulation s = 1 to M = 1000 do
foreach technology i = 1 to 120 do

Generate time-series under each DGP (B-R, Gompertz, logistic) with
parameters {Li, ki, t0,i, σi, ρ = 0.8}, using β = 2/3 for B-R and β = 1
for logistic

end

end
Step 3: Calculate ensemble median growth rates:

foreach simulation s do
Calculate log-differences
Logistic and B-R (technology-invariant β): Estimate parameters on
first 10% using L̂i = maxt Yi,t and normalize

Gompertz: Estimate parameters on log-log-differences and normalize
Calculate median across 120 technologies at each normalized time

end
Calculate median of medians across M = 1000 simulations

Figure 4.26 shows log-differences collapse plots under Gompertz, logistic, and B-R

(β ∈ {1/2, 2/3}) curves. It shows that the Gompertz DGP captures ensemble growth

behavior when fitting the full sample, with empirical median marginally below the 2.5th

percentile at high diffusion levels (red squares). The logistic DGP captures early diffusion

growth when fitting the first 10% but underestimates growth in the last 5–10% (red square).

Otherwise it is comparable to the B-R β = 2/3 model, but assuming a slightly faster decay

in growth rate at later diffusion. The B-R curve with β = 0.5 performs comparably to

β = 2/3, but slightly better captures growth at later 90-95% diffusion (the black square

is further within the 95% CI of simulation). The logistic and two B-R models tend to
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Figure 4.26: Collapse plots of log-differences under (a) Gompertz (parameter estimates
on full sample), (b) logistic (parameter estimates on 10% of the data), (c) B-R (β = 0.5,
parameter estimates on 10% of the data), and (d) B-R (β = 2/3, parameter estimates
on 10% of the data). Black squares: median observed growth rates. Blue lines (and gray
triangles): simulation ensemble medians. Gray whiskers: 2.5 − 97.5th percentiles. Red
squares: empirical median outside simulated 2.5− 97.5th percentiles.

underestimate growth rates, observed by the empirical medians (black squares) often

being above the surrogate medians (blue lines), from 15% diffusion onward. The same

direction of bias appears across these three GFP-additive-Gaussian-noise DGPs despite

their different functional forms, which points to the saturation-noise misspecification of

Section 4.9 (shared across them) rather than to functional form; the Gompertz model

shows the opposite-direction deviation, reflecting its exponentially decaying growth law

rather than the noise specification. As in Section 4.14, σ̂i is estimated on the full series for

this diagnostic.

These results illustrate the difficulty of identifying the true DGP from ensemble growth

behaviour alone. In-sample fit quality (adjusted R2) is high for all models, indicating that
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each captures the overall growth pattern. The Gompertz DGP fits the full sample but

slightly overestimates the median growth at high diffusion; the logistic and B-R DGPs fit

the first 10% well but tend to underestimate growth thereafter. Ensemble growth behaviour

alone therefore does not conclusively identify the true DGP.

4.15.3 Ensemble averaging effects

The conclusion that Gompertz captures ensemble growth may be misleading. Heterogeneous

growth rates ki [8, 40, 292], combined with pooling, could create apparent exponential

decay even when individual technologies grow exponentially, which is called an ensemble

averaging artifact.

Heterogeneous growth rates. We test whether ki follows a (shifted) exponential

distribution (Algorithm 10). A shifted exponential is defined as ki = ξ + Exp(s), where ξ

is the location shift and s is the rate parameter.

Algorithm 10: Testing exponential distribution of growth rates

Input: Technology time-series {Yi,t}120i=1

Output: Test if growth rates follow exponential distribution
B-R curve parameter estimates

foreach technology i = 1 to 120 do

Fit Bertalanffy-Richards curve via NLLS with β = 2
3 to obtain L̂i

Apply GFP transformation to Yi,t to get yi(t) = f(Yi,t; L̂i, β)

Estimate k̂i by regressing yi(t) on time t using OLS
end

Fit shifted exponential distribution to {k̂i}120i=1

Draw 10,000 samples from fitted exponential distribution
Compare empirical distribution to ensemble distributions

Figure 4.27 compares shifted versus non-shifted exponential distributions fitted to

empirical growth rates {k̂i}120i=1. The left panel shows a shifted exponential distribution,

ki = ξ + Exp(s) (as per Figure 2e in main text), where ξ is the location shift and s is the

rate parameter, fitted via maximum likelihood. The shifted exponential is theoretically

justified because S-curves cannot have zero growth rates (i.e., ki > 0 by construction). The

location shift ξ captures the minimum growth rate. The right panel shows a non-shifted
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(a) Shifted exponential (b) Non-shifted exponential (independent)

Figure 4.27: Comparison of (a) the shifted exponential distribution, ki = ξ + Exp(s),
and (b) the non-shifted exponential distribution, ki = Exp(s′), both fitted to empirical
growth rates. Black squares: observed proportions. Red squares: observed proportions
outside the surrogate distribution. Solid curves: theoretical distributions. Triangles with
error bars: median and 95% confidence intervals from 10,000 Monte Carlo simulations.

exponential distribution, ki = Exp(s′), with independently fitted rate parameter s′. The

shifted exponential shows close visual agreement with the empirical data, with all observed

proportions falling within the 95% confidence intervals from 10,000 Monte Carlo simulations.

The non-shifted exponential underestimates the lowest growth-rate bin, whose observed

proportion falls outside the interval (red square).

Table 4.9 presents comprehensive statistical tests comparing three exponential models.

The shifted exponential generally outperforms both non-shifted alternatives across most

statistical tests (KS test, log-likelihood, AIC, BIC). The sole exception is the chi-square

test, where the non-shifted model using the rate parameter from the shifted fit (nested

model) exhibits the lowest chi-square statistic (p = 0.12). Note that S-curve time-series

must have ki > 0 by construction. The observed minimum growth rate mini k̂i = 0.04

confirms this, and closely matches the fitted location shift ξ = 0.04. We adopt the shifted
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Table 4.9: Comparison of three exponential models for the growth-rate distribution.
Figure 4.27 plots the shifted exponential and the non-shifted (independent) models; the
non-shifted (same rate) is a nested model included here only for the statistical comparison.

Metric Shifted Non-shifted Non-shifted
exponential (same rate) (independent)

Location shift c 0.04 0.00 0.00
Rate λ 4.02 4.02 3.42

Goodness-of-fit tests
KS statistic 0.09† 0.22*** 0.19***
KS p-value 0.269 0.000 0.000
χ2 statistic 43.71*** 8.80† 16.29**
χ2 p-value 0.000 0.117 0.006

Model comparison criteria
Log-likelihood 47.00† 26.06 27.69
AIC -89.99† -50.11 -53.39
BIC -84.42† -47.32 -50.60

Note: † indicates best value. Significance: * p < 0.05, ** p < 0.01, *** p < 0.001. Lower
KS/chi-square statistics and lower AIC/BIC indicate better fit. Shifted exponential: ki =

c+Exp(λ) (c = 0.04 matches the observed minimum growth rate mini k̂i = 0.043). Non-shifted
(same rate): nested model with c = 0, same λ as shifted. Non-shifted (independent): c = 0, λ
fitted independently.

exponential distribution ki = ξ + Exp(s) for subsequent analysis.
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Ensemble averaging artifact. We use the approximate distribution of the empirical

growth rates (shifted exponential) to demonstrate how ensemble averaging across tech-

nologies with heterogeneous growth parameters can create apparent Gompertz-like decay

patterns even when individual technologies follow logistic or Bertalanffy-Richards dynamics

with early-stage exponential growth. That is, pooling the log of log-differences across

technologies with heterogeneous ki and t0,i can distort ensemble growth behavior.

Mechanism. When pooling log-log-differences at common calendar times t, two factors

create systematic bias:

• Technologies are at different diffusion stages: Pooling poses the risk of mixing

different diffusion stages, which can bias the ensemble average.

• Measurement noise adds bias (Jensen’s inequality): Taking logarithms of

noisy growth rates systematically underestimates the true average because the

logarithm is a concave function—technologies with high noise relative to their growth

rate contribute disproportionately to downward bias [372].

Pooling log[∆ log Y ] across technologies at common time coordinates creates systematic

bias in the ensemble average.

Simulation demonstration. We simulate an ensemble where the true DGP is B-R

(β = 2/3, ρ = 0.8), then demonstrate that pooling produces apparent Gompertz-like decay

(Algorithm 11).
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Algorithm 11: Demonstrating ensemble averaging artifact. The noise
parameter σ = 0.4 is technology-invariant in this simulation.
Input: simulation parameters
Output: Demonstration of ensemble averaging artifact
Setup: N = 120, ki ∼ 0.02 + Exp(2), t0,i ∼ Γ(2, 10, 10), Li = 100, σ = 0.4,
t ∈ [0, 50]a

Step 1: Generate time-series: foreach technology i = 1 to N do

Yi,t = Li[
1+exp(−βki(t−t0,i)+βσ(ϵt+ρϵt−1))

]1/β , β = 2/3, ρ = 0.8

end
Step 2: Calculate transformations:
Calculate collapse plot transformations per algorithm 8

aOther parameter choices yield similar results, including heterogeneous σi drawn from a Gamma
distribution.

Results. Figure 4.28 shows Gompertz-curve growth collapse plots (Algorithm 8) for

empirical data and 120 simulated B-R time-series (Algorithm 11). Pooling across B-R

processes with heterogeneous ki and t0,i creates apparent exponential decay, mimicking

Gompertz behavior. Figure 4.28a shows the collapse plot of log-differences for Gompertz.

Figure 4.28: Effects of ensemble averaging assuming Gompertz growth when individual
time-series follow logistic or Bertalanffy-Richards curves. Individual time-series: gray,
black squares: median, blue line: Exponential decay. (a) Collapse plot of log-differences
under Gompertz normalization. We highlight energy technologies. Individual technology
clustering at specific diffusion stages indicates potential ensemble averaging bias. (b)
Collapse plot across 120 Bertalanffy-Richards series (β = 2/3) simulated via Algorithm 11.
Pooling creates apparent exponential decay, mimicking Gompertz-like behavior.

While ensemble behaviour appears Gompertz-like, individual technologies cluster at specific

time and diffusion stages, indicating potential ensemble-averaging bias.

Figure 4.28b shows the same averaging effect using B-R (β = 2/3) collapsed via
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Algorithm 8. The ensemble median (black dots) lies slightly above the true Gompertz

curve (green line), unlike empirical data (Figure 4.28a). Some individual time-series (gray

lines) exhibit exponential growth (horizontal lines at low diffusion). Ensemble averaging

across heterogeneous B-R processes creates Gompertz-like decay patterns. The artifact is

robust to changes in simulation size and parameters: it persists for different β values (e.g.

β = 1), different ρ, and heterogeneous σi drawn from a Gamma distribution rather than a

fixed σ, as long as noise is sufficiently large relative to growth rates. We do not attempt to

delineate the exact parameter region where the artifact occurs.

4.15.4 Comparing Gompertz, logistic, and B-R collapse plots

We test for model misspecification using FP-transform collapse plots. Under correct

specification, parameters estimated on post-5% data should predict pre-5% trajectories.

Comin et al. [91] show S-curves fail to capture very early growth. We omit the first 5% of

diffusion, estimate parameters on the remainder, then assess whether omitted observations

align with predictions. Systematic deviations indicate fundamental misspecification.

Defining early diffusion threshold. The 5% threshold is defined analytically. For

B-R with parameters {Li, ki, t0,i, βi}, solve Yi,t = 0.05Li:

t5%,i = t0,i −
1

βiki
log

[(
1

0.05

)βi

− 1

]
(4.53)

Similarly, for Gompertz and logistic curves, we solve Yi,t = 0.05Li to find t5%,i.

Results and comparison. Figure 4.29 presents FP-transform collapse plots for all

three models. Figure 4.29 shows that all models exhibit early-stage deviations, revealing

misspecification. Gompertz shows the most systematic deviations (Figure 4.29a), with

many technologies consistently deviating from predictions. Logistic (Figure 4.29b) shows
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(a) Gompertz fitted to > 5% dif-
fusion

(b) Logistic fitted to > 5% diffu-
sion

(c) B-R (β = 2
3 ) fitted to > 5%

diffusion

Figure 4.29: (G)FP-transform collapse plots comparing Gompertz, logistic, and B-R
(β = 2/3) curves fitted to > 5% diffusion (i.e., omitting early < 5% diffusion). (a)
Gompertz curve. We highlight technologies that deviate from the model description. Green
dashed lines show technologies fitted better by logistic than by Gompertz. (b) Logistic
curve. We highlight technologies that deviate from the model description. Green dashed
lines show technologies fitted better by Gompertz than by logistic. (c) B-R curve (β = 2/3)
omitting first 5% diffusion. Green solid lines fit poorly under Gompertz; green dashed lines
fit poorly under logistic.

fewer deviations; specific technologies (automobiles, nuclear weapons) deviate before 5–10%

diffusion. Technologies deviating under Gompertz often fit better under logistic (e.g., steam

turbines, air conditioners), and vice versa. B-R (Figure 4.29c) exhibits the least systematic

deviations.27

Limitations. All models provide reasonable ad-hoc fits (high R2), but this test ranks

them: B-R first, logistic second, Gompertz third. No single model captures early adoption

(< 5% diffusion) for all technologies. Technologies that fit poorly under Gompertz often fit

well under logistic and vice versa, suggesting technology-specific idiosyncrasies that none

of the models investigated here fully capture. This quasi-out-of-sample test (estimating on

post-5% data, testing on pre-5% data) reveals fundamental heterogeneity in early diffusion

dynamics across technologies. This represents a limitation of assuming universal functional

27Automobiles and nuclear weapons deviate before ≈ 1% diffusion.
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forms. However, our backtesting analysis (Section 4.16) demonstrates that the B-R model

with β = 2/3 produces robust out-of-sample forecasts: despite early-stage heterogeneity,

the model captures sufficient structure for medium- to long-term prediction.

4.16 Testing forecast performance on empirical

data

This section gives the detail behind the cross-technology backtest of main paper Figure 3,

in which we train the model up to a specified diffusion level and forecast the rest of the

adoption trajectory. We first set out the forecasting setup and the accuracy and calibration

metrics (Section 4.16.1), then report the backtest results and explain the shape of the

error curve. We also benchmark against the Bass model (Section 4.16.3). We calibrate

the widening transform that corrects the prediction intervals (Section 4.16.4), and check

robustness to the subjective data-cleaning step (Section 4.16.5), to the prior, and to the

technology-invariant β and ρ (Section 4.16.6). We close by bracketing the prior between

an uninformed and a diffusion-aware specification, to bound the achievable forecast quality

(Section 4.16.7).

Throughout, we use the shifted forecast variant (Section 4.7.4). This variant adjusts

the fitted model so the residual is zero at the last observation. Results are robust to the

choice of shifted versus non-shifted forecast. Surrogate medians, confidence bands, and

PIT distributions in this section come from the empirical surrogate datasets of Section 4.9,

using the truncated σ̂i described there.
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4.16.1 Methods underlying main paper Figure 3

4.16.1.1 Priors

All models use technology-specific parameters θi = {Li, ki, t0,i, σi}. We use the universal

prior defined in Eq. (4.35) (Section 4.7.4), shown in Figure 4.30. The same hyperparameters

apply to every technology. Only the t0 location is anchored to each series, through the

preliminary growth-rate estimate k̂ssr,i. This section explains how we obtain that estimate,

justifies the hyperparameter choices, and reports robustness checks.

Growth-rate estimate. We obtain k̂ssr,i by minimising the sum of squared residuals

of the GFP transform (Eq. 4.16) over Li:

L̂ssr = arg min
Li

∑
t

[
f(Yi,t;Li, β) + ki(t− t0,i)

]2
, Li ∈ [yi,max, 10,000].

The OLS slope at Li = L̂ssr gives k̂ssr,i. Conditional on Li, this slope is approximately

unbiased, so the estimate is a fast and reliable anchor for the t0 location. If the fit returns

a NaN value we use a fallback k̂ssr = 0.15.

Figure 4.30: Priors used in the main text (universal prior). The t0 prior is shown for a
technology with k̂ssr,i = 0.3 and Tmax = 20, so that ℓt0 = max(5, 20− 3/0.3) = 10.

232



Design rationale. L prior (αL = 2, ℓL = 1, sL = 35). The lower bound ℓL = 1 forces

L̃i > 1, so the technology has not yet saturated. The shape αL = 2 places the mode at 36

times current adoption. This encodes that, for a technology observed early, the saturation

level usually lies well above current adoption. Because αL = 2 rather than 1, the prior

peaks at this mode rather than at its lower bound, so it does not assume the technology is

already near saturation. The scale sL = 35 keeps the prior wide but retains mass at low

values, so it still admits technologies that saturate early. Forecasts stay well-calibrated at

a 50% origin, where the true asymptote is twice the current value and far below the mode

(Section 4.16.6).

t0 prior (αt0 = 3, ℓt0 = max(5, Tmax − 3/k̂ssr,i), st0 = 30). The location anchors the

inflection to the data. A fixed small location would be unreasonable for a long series,

placing most mass far before the observed window. The offset 3/k̂ssr,i scales with the

inverse growth rate, so faster-growing technologies expect the inflection closer to Tmax.

The floor at 5 keeps the location positive. The shape αt0 = 3 places the mode 60 steps

ahead of the location, encoding that at early diffusion the inflection lies well ahead. The

scale st0 = 30 keeps the prior wide.

k and σ priors (α = 1, ℓ = 0, s = 1). Both are unit exponentials (Section 4.7.4).

Unlike L and t0, they are well identified even at early diffusion, so we do not anchor them

to the data.

The numerical choices (sL = 35, st0 = 30, and the offset 3/k̂) are validated by

backtesting on the full cross-section (Section 4.16.6). The prior is well-calibrated across a

diverse set of technologies. We therefore take it as a reasonable default for technologies

the model has not seen, such as solar PV and wind.

When the t0 location is valid. The location ℓt0 is valid when it lies at or below

the true t0. We derive the diffusion level at which this holds. In the deterministic B-R
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model (4.6) with β = 2/3, the noise-free generalised Fisher–Pry transform (Eq. 4.16) is

1

β
log
(
d−β − 1

)
= −k (t− t0),

where d = Y/L is the diffusion level. The time from t0 to diffusion d is

Tmax − t0 = − 1

β k
log
(
d−β − 1

)
.

The condition ℓt0 ≤ t0 (with k̂ ≈ k) requires Tmax − t0 ≤ c/k for offset c. Both sides scale

with 1/k, so the growth rate cancels and the threshold depends only on c and β:

d ≤
(
1 + e−β c

)−1/β
.

For β = 2/3 and our default c = 3, this gives d ≤ (1 + e−2)−3/2 ≈ 83%. So ℓt0 lies at or

below the true t0 whenever observed diffusion is below about 83%. Above that level the

data is highly informative about t0, and in-sample diagnostics readily reveal the inflection,

so the prior can be adjusted by hand. We keep c = 3. Results are robust across c ∈ {2, 3, 4},

which shift the threshold to about 70%, 83%, and 90% (Section 4.16.6).

Empirical Bayes. The universal prior is an empirical Bayes prior. Two of its hyperpa-

rameters depend on the series. First, the t0 location uses the preliminary estimate k̂ssr,i.

Second, the normalisation by yTmax sets the scale of the L prior, so the saturation level

is a multiple of current adoption. After this the sampler treats the prior as fixed. The

prior does not depend on the forecast origin, so the forecasts are out-of-sample. However,

the functional form and the technology-invariant parameters β = 2/3 and ρ = 0.8 were

calibrated on the full cross-section (Section 4.13), so the backtests are not fully independent

of the test data.
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4.16.1.2 Logistic and Gompertz models

Here we provide the data-generating processes and likelihoods for the two competing

S-curve models. Both use the same priors as B-R, with technology-invariant ρ = 0.8 and

ϵi,T = 0.

The logistic data-generating process is

Y
(l)
i,t =

Li

1 + exp
(
−ki(t− t0,i) + σi(ρ ϵi,t−1 + ϵi,t)

) . (4.54)

Under the Fisher–Pry (FP) transformation, adding ki(t− t0,i) to both sides yields

x
(l)
i,t = log

(
Li − Yi,t

Yi,t

)
+ ki(t− t0,i) = ρσiϵi,t−1 + σiϵi,t, (4.55)

with ϵi,t ∼ N (0, 1). The Jacobian is diagonal with log-determinant

log det

(
∂f

∂Yi

)
=

T∑
t=1

[
logLi − log

[
Yi,t(Li − Yi,t)

]]
.

The τ -step forecast for posterior draw m is

Y
(l)
m,i(τ) =

Lm,i

1 + exp
(
−km,i(τ − t0,m,i) + ϵ

(l)
T+1:T+τ,m

) .
The Gompertz data-generating process is

Y
(g)
i,t = Li exp

(
− exp

(
−ki(t− t0,i) + σi(ρ ϵi,t−1 + ϵi,t)

))
. (4.56)

Adding ki(t− t0,i) to the GFP-transformed observations yields

x
(g)
i,t = log log

(
Li

Yi,t

)
+ ki(t− t0,i) = ρσiϵi,t−1 + σiϵi,t, (4.57)
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with ϵi,t ∼ N (0, 1). The Jacobian log-determinant is

log det

(
∂f

∂Yi

)
= −

T∑
t=1

log

[
Yi,t

(
logLi − log Yi,t

)]
.

The τ -step forecast for posterior draw m is

Y
(g)
m,i(τ) = Lm,i exp

(
− exp

(
−km,i(τ − t0,m,i) + ϵ

(g)
T+1:T+τ,m

))
.

4.16.1.3 Measuring point forecast errors

Let {Yi,t}t=1,...,Ti be technology i’s observed time-series. We evaluate forecast accuracy at

every diffusion target d∗ ∈ {1%, 2%, . . .} as follows. The fractional year t∗i (d
∗) at which

the observed series crosses d∗ · Li is obtained by linear interpolation between the first

observation below and the first observation above this level,

t∗i (d
∗) = tk +

d∗ ·Li − Yi,tk
Yi,tk+1

− Yi,tk
(tk+1 − tk), Yi,tk ≤ d∗ ·Li ≤ Yi,tk+1

. (4.58)

The observed value at t∗i equals d∗·Li by construction. The predicted value Ŷi(t
∗
i ) is obtained

as follows. For each posterior MCMC sample (Ls, ks, t0,s) we evaluate the deterministic

shifted S-curve (Section 4.7.4) at t = t∗i , and take the cross-sample median. From this we

build two error statistics.

Pointwise absolute log error (ALE) and its cross-technology median

(MedALE). Primary metric, used in main paper Fig. 3a, b and Fig. 4.31

of this SI. Per technology, the absolute log error at diffusion target d∗ is

ALEi(d
∗) =

∣∣∣∣ log

(
Ŷi(t

∗
i )

Yi(t∗i )

)∣∣∣∣. (4.59)
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We aggregate across technologies by the cross-technology median, denoted MedALE,

MedALE(d∗) = median
i∈I(d∗)

ALEi(d
∗), (4.60)

where I(d∗) is the set of technologies whose diffusion reaches d∗ within the observed window.

The cross-technology median is robust to a small number of outlier-fit technologies whose

per-horizon log error sits substantially above or below the typical level. It pairs naturally

with the median posterior forecast Ŷi to give a typical technology, typical forecast summary.

We also report the cross-technology mean as a robustness check (Table 4.11).

The noise floor near the forecast origin. A correctly-specified model still makes

errors, because the data carry irreducible noise. The expected absolute log error of a single

forecast is bounded below by this noise floor (Eq. (4.45), Section 4.9). At d = 0.05 the

floor is about 0.25, the best accuracy any model can reach there. The surrogate MedALE

sits at the floor for short forecast horizons.

From about d∗ = 15%, where the noise floor has dropped enough to no longer dominate,

the empirical MedALE for B-R rises above the surrogate 5–95% band, and the gap grows

through the middle of the diffusion range. This gap is the model’s error beyond noise:

parameter-estimation error and structural departures of the data from the B-R process.

We estimate σ̂1–95
i on the diffusion range where the B-R model is well specified, excluding

the early super-exponential regime and the saturation tail (Section 4.9). Re-estimating it

on the wider 0–95% or tighter 5–95% window shifts the band only slightly and leaves the

empirical curve above it from d∗ ≈ 15% until it re-enters near saturation (Section 4.16.6).

4.16.1.4 Distributional calibration at each diffusion target

We assess distributional calibration with Q-Q plots of the probability integral transform

(PIT), following the methodology of Section 4.8. For technology i at diffusion target d∗, let
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Fi be the forecast CDF of the posterior predictive distribution at the crossing year t∗i (d
∗)

given by the interpolation method of Section 4.16.1.3, and Yi(t
∗
i ) the realised value there.

The PIT value is

ui(d
∗) = Fi

(
Yi(t

∗
i )
)
.

This interpolation yields one PIT value per technology per diffusion target. We treat distinct

technologies as independent (pairs such as sailing ships/steamships or telegrams/telephones

are a small minority of the cross-sector dataset), so at each d∗ the PIT values form an i.i.d.

sample of size n equal to the number of technologies whose data crosses d∗. This n sets

the Beta-order-statistic confidence band of Section 4.8. A Q-Q curve on the 45◦ line is

calibrated.

4.16.2 Backtest results

4.16.2.1 Point-forecast accuracy

Main paper Fig. 3a, b reports the MedALE for the B-R, Logistic, and Gompertz models on

the 120-technology calibration set, peaking near d∗ ≈ 0.5 and declining toward saturation.

Here we add three views of point-forecast accuracy: the same metric resolved by forecast

horizon in years (Fig. 4.31), the MedALE and bias by forecast origin (Table 4.10), and the

pointwise error by diffusion target (Table 4.11).
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Figure 4.31: MedALE on the calibration set as a function of forecast horizon in years, at
the 5% forecast origin. The teal band is the 5–95% surrogate envelope under the same
cross-technology median aggregation. The empirical B-R curve exits the surrogate upper
bound at about year 5. It oscillates around 0.7 to 0.9 through year 30. It then re-enters
the surrogate band from about year 30 to 35 onward. The band widens at long horizons
because fewer technologies remain in sample. Markers are placed at horizons 5, 10, 15, . . .
for readability.

Table 4.10 reports, for each model and forecast origin, the MedALE averaged over

diffusion targets above the origin and the pooled median signed log error (a measure of

bias). B-R has the lowest averaged MedALE at the 5% origin. Gompertz is lowest at the

10%, 25%, and 50% origins, but only through a large negative bias (−0.64 at 5%, shrinking

at later origins). That is, under-prediction in level space partially cancels noise-driven

over-prediction, lowering the absolute log error in a way a bias-free metric cannot. The

pointwise ALE confirms this (Table 4.11): B-R is lowest at the high targets (50%, 70%,

100%), and Gompertz wins only at 10% and 25%. B-R’s and Logistic’s pooled bias are

closest to zero at the 5% origin. B-R’s bias remains low at the 10% and 25% origins and

trends more positive at the 50% origin.
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Table 4.10: MedALE, averaged across diffusion targets d∗ on a 1% grid from the training
origin up to 100%, and pooled median signed log error by model and forecast origin. This is
the same metric reported per d∗ in main paper Figure 3a, b, c, summarised across diffusion
targets. The signed log error is the median of ln(Ŷ /Y ) pooled across (technology, integer
year horizon) pairs at each origin. Lower averaged median ALE is better. Bias closer to
zero is better. The default universal prior of Eq. (4.35) is used throughout.

Averaged cross-tech median ALE Median signed log error

Forecast origin dtrain B-R Logistic Gompertz B-R Logistic Gompertz

5% 0.90 1.05 1.01 -0.07 -0.02 -0.64
10% 0.72 0.77 0.63 +0.07 +0.20 -0.33
25% 0.56 0.63 0.38 +0.11 +0.15 -0.13
50% 0.34 0.48 0.26 +0.30 +0.24 +0.12

Table 4.11 reports the pointwise ALE at five diffusion targets (dtrain = 5%) under both

cross-technology median (MedALE) and mean (MALE) aggregations. The model rankings

are the same under both. Absolute values are higher under the mean by about 0.1 to 0.2,

reflecting moderate right skew, where a few technologies are harder to fit and pull the mean

above the median, with no single outlier dominating. The gap is largest at d∗ = 100%,

where N is smallest.

Table 4.11: Pointwise absolute log error of the median forecast at forecast origin dtrain =
5% under the universal prior of Eq. (4.35), evaluated at five fractional diffusion targets d∗.
We report the cross-technology median as the primary aggregation (used in main paper
Figure 3a, b and throughout this SI) and the cross-technology mean as a robustness check.
Lower is better. Bold marks the best model at each d∗ within each aggregation.

Aggregation Model d∗ = 10% 25% 50% 70% 100%
Cross-tech median B-R (β = 2/3) 0.374 0.907 1.023 1.005 0.868
Cross-tech median Logistic 0.457 1.032 1.220 1.209 0.948
Cross-tech median Gompertz 0.345 0.804 1.092 1.285 1.171
Cross-tech mean B-R (β = 2/3) 0.518 0.931 1.139 1.155 1.091
Cross-tech mean Logistic 0.551 1.023 1.232 1.235 1.166
Cross-tech mean Gompertz 0.489 0.890 1.180 1.257 1.240

4.16.2.2 Calibration results

We now turn from point accuracy to distributional calibration. Figure 4.32 shows the PIT

Q-Q plots without and with the post-hoc widening transform.

Figure 4.32a shows the un-widened PIT. The B-R curve sits below the diagonal across
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(a) Baseline (un-widened)

(b) Widened (asymmetric)

Figure 4.32: Forecast calibration under the universal prior on the 120-technology set,
with FP-shifted forecasts. PIT values are evaluated at the fractional year where each
technology’s diffusion crosses the target. (a) Baseline calibration, without the post-hoc
widening of Section 4.7.5. (b) The same comparisons after the asymmetric widening
of Eq. 4.36, with anchors calibrated in Section 4.16.4. Within each row, the left panel
compares the B-R, Logistic and Gompertz models at a 5% forecast origin and a 70%
forecast horizon. The middle panel shows B-R coverage at a 5% forecast origin across three
forecast horizons (10%, 70% and 90% diffusion). The right panel shows B-R coverage at a
70% forecast horizon across four forecast origins (5%, 10%, 25% and 50% diffusion). The
forecast origin is the diffusion level at which a forecast is made and the forecast horizon
the diffusion level at which it is evaluated. Same layout as main paper Figure 3(d-f). The
grey band is the 95% pointwise i.i.d. confidence envelope for a uniform draw of K = 68
technologies.

most of the range, most strongly in the middle, with two implications. At high percentiles

too many observations land in the upper tail, so the forecast upper bound is too narrow
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and B-R is overconfident there. At low percentiles too few land in the lower tail, so the

lower bound is mildly conservative. The asymmetric widening transform of Section 4.7.5

stretches the upper tail more than the lower, correcting the upper-tail overconfidence while

keeping the lower bound conservative. After widening, the B-R curve tracks the diagonal

better at every forecast origin and diffusion target (Fig. 4.32b). We calibrate the anchors in

Section 4.16.4 and validate them by leave-one-technology-out cross-validation (Table 4.15).

B-R. The Q-Q curve tracks the diagonal at low percentiles and falls below it at high

percentiles, mostly within the confidence band. Its baseline KS against the uniform averages

0.23 across origins, and the widening reduces this to a mean of 0.13 (Table 4.15).

Logistic (β = 1). Logistic’s pooled bias at the 5% origin is slightly smaller than B-R’s

(−0.02 vs −0.07, Table 4.10). After widening it is only marginally better calibrated than

B-R at the 5%, 10%, and 25% origins and slightly worse at the 50% origin (Table 4.14). It

has worse MedALE than B-R at every origin (Table 4.10), and needs more widening to

achieve the same calibration. The widening exponent needed for the Logistic model is not

robust across the 120-technology and the less-filtered 154-technology sets (Table 4.17), so

it is not a reliable choice for unseen technologies.

Gompertz. Gompertz has the largest pooled bias, negative at every origin below 50%

(Table 4.10). Its widening exponent exceeds B-R’s at every origin (Table 4.14), most at

low diffusion where the bias is strongest. Note that a median-preserving widening cannot

move the biased median, so Gompertz stays miscalibrated.

4.16.2.3 Interpreting the results

The B-R MedALE rises from the early-diffusion noise floor, plateaus between d∗ ≈ 30%

and d∗ ≈ 80%, and declines toward saturation (main paper Fig. 3a, b). We explain this

shape, link it to the PIT calibration, and end with our choice of model.
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Downward bias in k̂. The posterior median k̂ sits below the full-sample maximum-

likelihood estimate of k on the calibration set. On the 68-technology subset whose data

crosses d = 5% (the set used in main paper Fig. 3a), the cross-technology median ratio

k̂/kfull is approximately 0.75 at dtrain = 5%. The bias decreases with more training

data (i.e. later forecast origins). The bias is much smaller on the empirical surrogate

of Section 4.9 (k̂/ktrue ≈ 0.94 at dtrain = 5%). A plausible source is misspecification of

the noise model at early diffusion. The surrogate is generated under the model’s noise

structure by construction, so this source is largely absent there.

Heterogeneity in the true asymmetry βi. The B-R model is fit with a universal

β = 2/3. Technology-specific βi are observed in the data (Section 4.13, Fig. 4.22b). Modest

cross-technology departures from β = 2/3 introduce a parameter-fit mismatch between the

universal model and the technology-specific truth, contributing to the empirical MedALE

shape on top of the k̂ bias above.

Reproducing the shape. A deterministic simulation isolates the contribution of each

candidate mechanism. We draw N = 120 technologies with heterogeneous ki, make shifted

forecasts that pass through the training endpoint at dtrain = 5%, and take L as known. A

25% downward shift in k̂ alone (Table 4.12, column B) reproduces the plateau-and-decay

shape. Adding cross-technology heterogeneity in the true βi around 2/3 while the model

assumes β̂ = 2/3 (column C) slightly widens the plateau. The empirical surrogate of

Section 4.9, where neither condition applies, shows no plateau-and-decay (main paper

Fig. 3a band).

Implication for PIT calibration. The downward k̂ bias also explains the upper-tail

overconfidence of the un-widened PIT seen above. Adoption grows faster than the median

forecast expects, so too many observations fall in the upper tail, which the asymmetric
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Table 4.12: Cross-technology MedALE at dtrain = 5% on N = 120 synthetic technologies,
L known, FP-shifted forecasts. Column B: downward k̂ bias (k̂ = 0.75 k, β̂ = β = 2/3).
Column C: B with heterogeneous true βi ∼ N (2/3, 0.082) and model β̂ = 2/3.

d∗ B: k̂ bias C: B + βi het

0.10 0.167 0.168
0.30 0.371 0.375
0.50 0.395 0.401
0.70 0.341 0.347
0.95 0.129 0.133

widening then corrects more aggressively than the lower tail.

Saturation forecasts from dtrain = 5% versus dtrain = 10%, 25%. B-R forecasts

made from the 5% origin are more accurate near saturation than those made from the 10%

or 25% origins (main paper Fig. 3b). This is counterintuitive, since more training data

should help. For diffusion targets d∗ ≤ 70% the usual ordering holds, where more training

data gives smaller error. Near saturation the error is dominated by the asymptote L, and

the wide universal L prior is the likely culprit. The diffusion-aware prior of Section 4.16.7

tightens the L prior by diffusion stage and materially lowers the high-diffusion MedALE,

pointing to a prior issue rather than a fundamental limit.

Model selection. No model absolutely dominates on every metric, but B-R is the best

choice across forecast origins. Gompertz attains the lowest averaged MedALE at the 10%,

25%, and 50% origins (Table 4.10), but only because a large negative bias cancels noise in

the median forecast. The same bias leaves it badly calibrated, and a median-preserving

widening cannot remove it. Logistic matches B-R’s calibration after widening but has

higher MedALE and needs more widening. B-R alone is accurate (lowest MedALE at the

5% origin and at almost every diffusion target), nearly unbiased, and well calibrated after

widening (mean widened KS 0.13). Our central application forecasts from early diffusion,

where solar PV sits at about 2% of its estimated saturation and wind at about 40 to 50%.

At higher diffusion origins, model performance is more similar, and the choice of model is
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less consequential for forecast quality. We therefore select B-R as our primary model.

4.16.3 The Bass model

We benchmark a fourth model class against B-R: the Bass diffusion model [4], which

explicitly separates innovation (p) and imitation (q) effects. The Bass model is often

presented as a differential equation, but it has a closed-form solution for the cumulative

diffusion Y (t), given by

Y (t) = L
1− e−k(t−t0)

1 + r e−k(t−t0)
, k = p + q, r = q/p, (4.61)

where L is the market potential, r is the imitation-to-innovation ratio, and Y (t0) = 0.

Setting r = 14 places the inflection at Y ∗ = L(r− 1)/(2r) = 46.4% of L, virtually identical

to the B-R model with β = 2
3 (46.5%), enabling a like-for-like comparison. We apply the

same MA(1) noise structure in FP-transformed space with ρ = 0.80 and ϵi,T = 0, and the

same universal prior (Eq. (4.35)).

Applying this framework to the 120-technology dataset gives substantially worse

backtests than B-R. The median log(Ŷ /Y ) is strongly negative (i.e. forecasts are biased

downward), against near-zero bias for B-R. The distributional forecasts are very poorly

calibrated. We did not recalibrate the prior for Bass, so the comparison is not fully

controlled, and a dedicated recalibration might narrow the gap. We therefore draw no

strong conclusion about the Bass model class, beyond noting that under our prior and

noise assumptions it is clearly less accurate than B-R on this dataset.
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4.16.4 Calibrating the widening transform on backtesting

data

The adaptive widening transform introduced in Section 4.7.5 requires the anchor values

w∗(d) that enter Eq. (4.38). Here we calibrate those anchors on the 120-technology

backtesting set, validate the asymmetric form (Eq. (4.36)) against a symmetric variant and

against the empirical surrogates, and report the resulting calibration improvement.

Fitting the widening exponent. We calibrate one exponent w per diffusion origin

d ∈ {0.05, 0.10, 0.25, 0.50}. For each technology we compute the predictive distribution at

the fractional year where the data cross the target diffusion level d∗ ∈ {5, 10, . . .}%. We

then pool PIT values across technologies and target levels and choose w to minimise the

Kolmogorov–Smirnov (KS) statistic

D(F1, F2) = sup
x

∣∣F1(x)− F2(x)
∣∣, (4.62)

where F1 and F2 are any two CDFs and x ranges over their common support. Here we

use the one-sample form with F1 = F̂PIT (the empirical CDF of the pooled PIT values)

and F2(u) = u (the U(0, 1) CDF), so x = u ∈ [0, 1]. We minimise using a bounded scalar

search on w ∈ [0.5, 8].

Table 4.13 reports w∗ at each forecast origin for the asymmetric form (Eq. (4.36), used

throughout the paper) and the symmetric variant in which the same exponent is applied

above and below the median (without the
√
w in the lower-tail branch). The symmetric

exponents are smaller because they would over-widen the already-calibrated lower tail.

The asymmetric form yields a lower widened KS at d = 0.05 (0.14 vs 0.16), d = 0.10 (0.10

vs 0.13), and d = 0.25 (0.14 vs 0.15). The two forms are essentially tied at d = 0.50 (0.12

vs 0.12). The square-root lower-tail exponent was itself chosen from a small sweep across
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w1/2, w1/3, w1/4, w1/5, and no lower-tail widening.
√
w gave the best average calibration

across the forecast origins.

Table 4.13: Widening exponent w∗ by forecast origin d on the 120-technology backtesting
set, fitted under the KS objective. Asymmetric applies w above the median and

√
w

below (Eq. 4.36). Symmetric applies w on both sides. The asymmetric form is used
throughout the paper. The widened KS is the deployed value, after applying the anchors
adaptively per technology as w∗(1/L̃med).

Asymmetric Symmetric

Forecast origin d w∗ widened KS w∗ widened KS

0.05 1.93 0.142 1.76 0.157
0.10 2.72 0.101 2.03 0.126
0.25 3.58 0.137 2.84 0.151
0.50 1.73 0.122 1.34 0.119

Per-model anchors. The widening exponents above are fitted on the B-R PIT dis-

tribution. To check the other models, we re-fit w∗ independently on the Logistic and

Gompertz distributions at every origin (Table 4.14). B-R needs the least widening overall.

Logistic needs more, especially at the 5% origin, but reaches comparable calibration once

widened. Gompertz needs the most at every origin and stays the worst calibrated, because

a median-preserving widening cannot remove its negative bias. Figure 4.33 shows each

model widened with its own exponent: B-R reaches the diagonal at every origin, Logistic

as well (slight exception at 25% forecast origin), and Gompertz stays off the diagonal

below the 50% origin. As more of the series is observed, the data dominate the prior and

the models’ growth descriptions converge, so the calibration gap between them narrows

(as observed in Figure 4.33 panel d, where all three models lie nearer the diagonal post

widening.).

Held-out cross-validation. We fit the widening anchors of Table 4.13 on the backtest-

ing set, so the reported widened KS is an in-sample quantity. We therefore cross-validate by

leaving one technology out. We refit the anchors on the remaining technologies, then apply
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Table 4.14: Per-model widening on the 120-technology backtesting set. For each model
we fit the anchor exponent w∗ per forecast origin on the model own un-widened PIT
distribution, with the asymmetric widening of Eq. 4.36. Baseline KS measures the un-
widened forecasts against uniformity. Widened KS measures the same after the adaptive
widening.

Model Forecast origin d Baseline KS w∗ Widened KS

B-R 0.05 0.296 1.93 0.142
0.10 0.216 2.72 0.101
0.25 0.215 3.58 0.137
0.50 0.173 1.73 0.122

Logistic 0.05 0.252 3.37 0.095
0.10 0.177 2.69 0.091
0.25 0.240 3.40 0.119
0.50 0.246 3.82 0.143

Gompertz 0.05 0.599 5.14 0.378
0.10 0.488 4.28 0.310
0.25 0.373 6.02 0.198
0.50 0.176 2.86 0.144

the adaptive widening w∗(1/L̃med) to the held-out one. We repeat this for every technology

and pool the held-out PIT values. The held-out KS matches the in-sample KS to within

0.005 at every origin, and w∗ is stable across folds (Table 4.15). The widening is therefore

a genuine out-of-sample recalibration of interval width, not an artefact of in-sample fitting.

We use the 120-technology in-sample anchors for all forecasts in the paper.

Table 4.15: Leave-one-technology-out cross-validation of the adaptive widening on the
120-technology backtesting set. The model is B-R, the objective is KS, and the transform
is the asymmetric sqrt-lower form of Eq. 4.36. KS (raw) is the un-widened PIT KS against
the uniform. KS (in-sample) is the adaptive widened KS under the deployed anchors.
KS (LOO-CV) refits the anchors on the other N − 1 technologies, applies the adaptive
exponent to the held-out technology, and pools the held-out PITs. The w∗ LOO range is
the refit anchor range across folds.

Forecast origin d w∗ KS (raw) KS (in-sample) KS (LOO-CV) w∗ LOO range

0.05 1.93 0.296 0.142 0.145 [1.91, 2.68]
0.10 2.72 0.216 0.101 0.102 [2.27, 2.89]
0.25 3.58 0.215 0.137 0.139 [3.24, 3.65]
0.50 1.73 0.173 0.122 0.121 [1.60, 1.96]
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Figure 4.33: Un-widened and Widened PIT calibration of the three models at the
four forecast origins, at the 70% diffusion target. PIT computation and layout follow
Section 4.16.1.4 and main paper Fig. 3(d). Each model’s un-widened curve is the lighter
dashed line of the same colour, and its widened curve is the solid line. B-R and Logistic
reach the diagonal at every origin.

Validation on the empirical surrogates. For a correctly-specified model the PIT

is approximately uniform by construction, so re-fitting w∗ on surrogate data should return

values close to 1. We tested this on the empirical surrogate at the 5% forecast origin,

using the same universal prior as the main analysis. The fitted exponent is w∗ ≈ 1.1, far

below the empirical w∗ ≈ 1.9 at the same origin (Table 4.13). It stays near one and is

leave-one-out stable whether we estimate the per-technology noise scale σ̂i on the primary

1–95% diffusion window or on the wider 0–95% window that keeps all early-diffusion data

(both defined in Section 4.9; Table 4.16), so the 1% early-diffusion cut does not drive the

result. The small residual above 1 likely reflects mild prior misspecification, which can bias

the posterior [373, 374], rather than miscalibration of the model form.
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Table 4.16: Widening exponent w∗ on the empirical surrogate at the 5% forecast origin,
fitted under the KS objective, for the primary 1–95% and the wider 0–95% noise windows
(Section 4.9). The last column gives the leave-one-technology-out range of w∗.

Surrogate Widening w∗ w∗ (LOO range)

σ̂1–95
i (≈ 0.28) Asymmetric 1.13 [1.10, 1.14]

σ̂1–95
i (≈ 0.28) Symmetric 1.10 [1.08, 1.10]

σ̂0–95
i (≈ 0.33) Asymmetric 1.19 [1.17, 1.22]

σ̂0–95
i (≈ 0.33) Symmetric 1.13 [1.11, 1.14]

Section 4.8 shows that under a correctly specified model the PIT calibration depends

on whether the prior matches the true parameter distribution. The surrogate is correctly

specified by construction, so its slightly off-diagonal PITs reflect prior misspecification rather

than model form. On real data, prior misspecification may offset model misspecification,

consistent with the approximately well-calibrated real-data PITs.

4.16.5 Robustness to subjective data cleaning

Step 4(b) of the data cleaning procedure (Section 4.11.1) removes 34 time-series through

partly subjective judgement. Step 6 removes one further series for high correlation with

another. To check that the main results do not depend on these removals, we repeat the

full backtesting on a set that retains all 35 of these series.28 The pipeline is identical to the

120-technology analysis. We use the same universal prior of Eq. (4.35). We fit the widening

exponent w∗ on this set independently. We look up the per-technology widening through

the same adaptive map d̂i = 1/L̃med
i as in the main analysis, with no future knowledge of

the saturation level.

Figure 4.34 shows the MedALE on the 154-technology set. The model ranking matches

the 120-technology set. B-R has generally lower MedALE and the peak in MedALE remains.

Gompertz has the largest negative bias (median ≈ −0.54). We do not overlay an empirical

28This gives 155 series in total. One of them, annual space launches, declines sharply in its final
years. All of its observations then fall within the training window at every backtest origin. It
yields no out-of-sample forecast point, so it contributes to no calibration curve. This leaves the 154
technologies analysed here.
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surrogate band here, because the surrogate is calibrated on the 120-technology parameter

set and would mix datasets.

Baseline calibration is shown in Figure 4.35a and widened calibration in Figure 4.35b.

Both visually follow the 120-technology version.

Table 4.17 compares the widening exponent w∗ re-fitted on each set, per model. B-R is

stable: its exponents change by at most 0.32 across origins (13% in relative terms), and its

baseline KS, the distance of the un-widened PIT from the uniform, changes by at most

0.03. The benchmark models move more. Logistic is far more sensitive at the 5% origin,

where its exponent falls from 3.37 to 2.47 (difference of ≈ 27%) while B-R’s barely moves

(1.93 to 1.85). The subjective cleaning step therefore does not materially change B-R’s

calibration, point-forecast accuracy, or widening.

Table 4.17: Widening exponent w∗ and baseline KS for the 120-technology and 154-
technology backtesting sets, per model, under the KS objective with the asymmetric
widening of Eq. 4.36. The 154-technology set retains the 34 subjectively excluded series
from Step 4(b). Baseline KS is the distance of the un-widened PIT from the uniform. B-R
is shown at every forecast origin; Logistic and Gompertz at the 5% origin only.

w∗ Baseline KS

dtrain 120 154 ∆w∗ 120 154 ∆KS

B-R (β = 2/3)
0.05 1.93 1.85 −0.08 0.295 0.278 −0.017
0.10 2.72 3.04 +0.32 0.217 0.236 +0.019
0.25 3.58 3.57 −0.01 0.216 0.211 −0.005
0.50 1.73 1.50 −0.23 0.174 0.145 −0.029

Logistic
0.05 3.37 2.47 −0.89 0.251 0.243 −0.007

Gompertz
0.05 5.14 5.45 +0.31 0.601 0.564 −0.037

The leave-one-technology-out cross-validation of Table 4.15 also holds on the 154-

technology set (Table 4.18).
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Table 4.18: Leave-one-technology-out cross-validation of the adaptive widening on the 154-
technology set. This set adds the 34 subjectively excluded series to the 120 (cf. Table 4.17).
Columns are as in Table 4.15. The held-out and in-sample KS again agree to within 0.01
at every origin. The widening calibration is robust to the data-selection step.

Forecast origin d w∗ KS (raw) KS (in-sample) KS (LOO-CV) w∗ LOO range

0.05 1.85 0.278 0.156 0.156 [1.71, 1.88]
0.10 3.04 0.236 0.123 0.129 [2.88, 3.37]
0.25 3.57 0.212 0.143 0.144 [3.43, 3.88]
0.50 1.50 0.144 0.125 0.123 [1.42, 1.52]

Figure 4.34: Forecast accuracy on the 154-technology dataset using FP-shifted forecasts.
Same layout as main paper Figure 3a, b, c. As there, the y-axis mediani is the median
across technologies. (a) MedALE at each diffusion target for B-R, Logistic, Gompertz
at the 5% forecast origin. (b) The same for B-R at four forecast origins (5%, 10%, 25%,
50%). (c) Pooled per-(technology, horizon) log error ln(Ŷ /Y ) density at the 5% origin.
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(a) Baseline (un-widened)

(b) Widened (asymmetric)

Figure 4.35: Calibration on the 154-technology dataset. Top: baseline (un-widened)
PIT. Bottom: after asymmetric widening of Eq. 4.36 with anchors re-calibrated on this
set (Table 4.17). Same layout as main paper Figure 3(d-f) and Figure 4.32a: within each
row the left panel compares the B-R, Logistic and Gompertz models at a 5% forecast origin
and 70% forecast horizon, the middle panel shows B-R coverage at a 5% forecast origin
across three forecast horizons (10%, 70% and 90% diffusion), and the right panel shows
B-R coverage at a 70% forecast horizon across four forecast origins (5%, 10%, 25% and
50% diffusion).

4.16.6 Further robustness checks

Here we present a brief overview of robustness and sensitivity analyses not included in the

main text. With the exception of the prior sensitivity checks, we keep the same priors as in

main paper Fig. 3. We show sensitivity analyses for prior specification, for varying β and

253



ρ, and for estimating technology-specific βi and ρi, and discuss how forecast performance

improves for more well-behaved technologies (i.e. those more similar to our null model in

terms of R2).

Sensitivity to priors. Our results are robust to moderate changes in the prior hyper-

parameters, though extreme misspecification does degrade performance. A narrow prior

centred near the true L and t0 improves forecasts. But narrow priors may understate

parameter uncertainty and become overconfident, and technologies that fit the narrow

prior poorly forecast substantially worse. We therefore keep the prior as uninformative as

possible, while using information from data available to us.

We also varied the t0 offset, using 2/k̂ssr or 4/k̂ssr in place of 3/k̂ssr, and found the

results not hugely sensitive. A tighter offset (ℓt0 > Tmax − 2/k̂ssr) helps marginally at

low diffusion but performs poorly at high diffusion. A fixed universal location ℓt0 = 5

still works reasonably but is less accurate at low diffusion and worse calibrated than the

data-informed location. Setting the prior by diffusion stage helps more, which we examine

in Section 4.16.7. Under the tighter offset, the MedALE rankings (Table 4.10) are preserved,

with similar widening and calibration, further evidence that B-R is a reasonable default.

Sensitivity to constant parameters. We analyze sensitivity to the choice of

technology-invariant β and ρ, varying each independently while keeping the other fixed at

the baseline value. Varying ρ has a minimal effect on MedALE and calibration. Varying β

has a small effect on MedALE but can strongly affect calibration. For example, β = 1/3

leads to underdispersed forecasts that underestimate upward deviations, while β = 3/2

leads to overdispersed forecasts at the lower quantiles of the forecast distribution. For

β = 1/2, forecast performance is similar to the baseline, albeit marginally worse, indicating

that the choice of β is not critical as long as it remains within a reasonable range of around

[0.5, 1].
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We also estimate technology-specific βi and ρi, and find that the resulting forecasts have

similar point-forecast accuracy but worse probabilistic calibration than the baseline with

constant β and ρ (less uniform PIT distributions and visible deviations from the 45◦ line

in the Q-Q plot). This suggests that technology-specific βi and ρi are not well identified,

and that estimating them leads to overfitting and worse out-of-sample performance.

Forecast performance as a function of in-sample fit. Forecast performance is

better for technologies with better in-sample fits, as measured by the R2 of the full-sample

fit. Technologies that behave more similarly to the B-R model in-sample are forecast more

accurately out-of-sample. This is expected: technologies better described by the assumed

DGP in-sample are likely to yield better forecasts out-of-sample.

4.16.7 The role of the prior: bounding forecast quality

The universal empirical-Bayes prior (Eq. (4.35)) occupies a middle ground between two

extremes. To put its performance in perspective, we evaluate the B-R model under two

bracketing configurations:

• Wide (agnostic) prior, floor. L̃i ∼ Γ(2, 1, 100) with a fixed, non-data-informed

t0 location (ℓt0 = 5, st0 = 30). This prior encodes almost no information about the

technology’s saturation level or timing.

• Diffusion-aware prior, ceiling. Priors for L and t0 are set conditional on the

observed diffusion band at the forecast origin, using the five-band specification in

Table 4.19. This encodes the qualitative diffusion-stage knowledge that a practitioner

would typically infer from visual inspection of the adoption curve. It does not require

knowledge of the true asymptote.

The three configurations thereby span the range from prior ignorance (wide prior),
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through our default cross-sectionally calibrated prior (universal, sL = 35), to the best case

available with observable domain knowledge (diffusion-aware).

Wide prior. Under a wide prior (sL = 100), point accuracy deteriorates. The MedALE

is higher than under the universal prior across the whole diffusion range (main paper

Fig. 3a, b), most at mid-to-high diffusion where the L posterior is more diffuse. Calibration

worsens only slightly. The ordering of B-R, Logistic, and Gompertz is unchanged.

Diffusion-aware prior. The diffusion-aware prior conditions on the approximate

diffusion band observable at the time of forecasting. An analyst can distinguish near-

exponential early growth from a trajectory with visible curvature without knowing the true

asymptote, using only information available at forecast time. In that sense, diffusion-stage

awareness is the kind of qualitative prior knowledge a practitioner would typically have.

The prior specification is

π(θi | diffusion band) =



L̃i ∼ Γ(αL, ℓL, sL),

t0,i ∼ Γ(αt0 , ℓt0 , st0),

ki ∼ Γ(1, 0, 1),

σi ∼ Γ(1, 0, 1),

with hyperparameters varying by diffusion band as in Table 4.19. The state-dependence

reflects structural identification differences. At early diffusion the asymptote Li and

inflection timing t0,i are weakly identified from near-exponential growth, so the prior must

remain wide. As curvature becomes visible the likelihood becomes more informative about

both parameters, and tighter priors are warranted. Because Li is normalised by the last

observed value, the same numerical scale implies very different absolute asymptotes at 5%

versus 30% diffusion, so both the scale and location of the prior are adjusted across bands.
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Table 4.19: Hyperparameters of the diffusion-aware prior by forecast-origin band. All
bands: ki ∼ Γ(1, 0, 1), σi ∼ Γ(1, 0, 1). Here t̃T denotes the index of the last observation
(first observation at t = 0).

Diffusion band αL ℓL sL αt0 ℓt0 st0

<2% 4 5 30 3 t̃T 35
2–9% 2 1 40 2 max(5, t̃T − 5) 20
9–20% 2 1 25 1.5 max(5, t̃T − 5) 25
20–45% 2 1 5 1.5 t̃T /2 15
>45% 1.5 1 3 1.5 t̃T /4 20

Under the diffusion-aware prior, point-forecast accuracy improves substantially at a

5% forecast origin. The B-R MedALE is materially lower than under the universal prior

across the diffusion range, with the largest gains at intermediate diffusion. Probabilistic

calibration is also preserved. The PIT Q-Q plot remains well within the confidence bands,

so the tighter diffusion-stage priors do not introduce overconfidence.

Implication. Across the three prior configurations, the ordering of forecast error is

consistent. The wide prior is worst, the universal prior is in the middle, and the diffusion-

aware prior is best. Our universal prior already achieves a substantial improvement over

the wide baseline by exploiting two observable quantities. These are the series-specific

growth rate k̂ssr,i and the last observed value yTmax . The diffusion-aware results show that

analysts who can judge a technology’s diffusion stage from the shape of the adoption curve

can expect considerably better forecast quality. We therefore encourage practitioners to

exploit available prior information about the technology when applying the B-R model.

4.17 Backtest on energy technologies

Primary energy demand increased by about 2% annually over 75 years, increasing useful

energy generation in TWh despite constant or decreasing percentage shares for many

technologies.

In this section, we compare backtesting performance of three approaches: the B-
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R model (standard S-curve applied to TWh), the growing-market B-R model (S-

curve with an exponentially growing asymptote, applied to TWh), and the shares B-R

model (standard S-curve applied to market shares). The motivation is that many energy

technologies have grown in absolute terms alongside total energy demand even after reaching

maturity in share terms. Ignoring this can cause the fixed-asymptote model to dramatically

underestimate future levels.

The three cases examined here are deliberately adversarial and should not be interpreted

as representative of typical model performance. They are chosen precisely because they

expose specific failure modes: (1) gas and hydropower reached share-saturation but

continued growing in TWh as aggregate energy demand grew; (2) oil experienced a large,

unpredictable production shock (a sharp swing in oil production around the 1979 peak)

that altered its near-term trajectory; (3) nuclear energy saw rapid growth in the 1970s

that was abruptly slowed by a sequence of major accidents and regulatory responses —

not a failed technology (reactors continue to operate and new ones are being built), but

a case in which the realised diffusion path deviated sharply from what data available at

an early forecast origin would have predicted. Typical forecast performance across the

full 120-technology ensemble is reported in Section 4.16 (and summarised in main paper

Figure 3). The modeling choice underlying our main solar and wind forecasts (main paper

Figure 4) is discussed in Section 4.19.

Backtests of useful energy generation with the standard B-R model use the universal

prior with the model-direct adaptive widening calibrated in Section 4.16. This is the same

method as our main-text forecasts. Backtests of market shares and of the growing-market

model use no post-hoc widening.
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4.17.1 Historical energy demand growth

To better understand the growth dynamics of energy technologies, we first examine historical

trends in primary energy demand and useful energy generation for individual technologies.

We calculate the growth in primary energy as log-differences, defined in Eq. 4.47. For

convenience, we repeat the formula with new notation here,

g(t) =
logE(t)− logE(t− h)

h
,

where h is the number of years between two consecutive data points, and E(t) is the

primary energy generated at time t.

Steady growth in primary energy consumption. Figure 4.36 shows the historical

primary energy consumption in terawatt-hours (TWh) and the corresponding year-on-year

increase in percentages, using data from [300], showing that primary energy has increased

by approximately 2% per year for the past 100 years. Early growth hovers around 1%

Figure 4.36: Historical primary energy consumption in TWh and the year-on-year growth
rate. Primary energy has increased by approximately 2% per year for the past 100 years.

per year. From 1920 onwards, the average growth rate hovers around 2% per year, with

some notable deviations. The period from 1960 to 1970 saw sustained growth above 2%,

sometimes reaching 5%. The financial crisis in 2008 caused a temporary dip, and the

COVID-19 pandemic in 2020 caused a significant drop — the only two years in the past
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70 years where energy consumption decreased year-on-year. Despite these deviations, the

long-term 2% trend has remained remarkably stable.

Growth in useful energy generation for individual technologies. Figure 4.37

shows the historical useful energy generation for selected energy technologies (in shares

and TWh).

Figure 4.37: Historical useful energy generation for selected technologies in (a) shares
and (b) TWh (in log scale). Useful energy generation for most fossil-fuel technologies
(red) has increased in TWh over the past 20-30 years, while their share has remained
approximately constant or even decreased. Examples shown are oil (black) and gas (gray).

Fossil fuels (sum of gas, oil, and coal, in red) have hovered around 80% of useful energy

generation for the past 30 years, while their generation in TWh has steadily increased,

evidenced by the constant line in panel (a) versus the red curve in panel (b). Oil (black)

decreased in share while increasing in TWh of production. Gas (gray) increased in both.

Nuclear (purple) and traditional biomass (lime) are the only technologies shown that

decreased in both share and total energy generation over the past decades. Nuclear fell

slightly in share (from a plateau of ≈ 4.5% to ≈ 3%) and marginally in TWh [300].

Traditional biomass decreased significantly in share and marginally in TWh [300, 375].
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4.17.2 Comparing backtest performance of three approaches

Here we present the backtest results using three different approaches. (1) Forecasting in

shares using the shares B-R model. (2) Forecasting in TWh using the fixed-asymptote

B-R model. (3) Forecasting in TWh using the growing-market B-R model. We start by

introducing the growing market model.

4.17.2.1 Modeling market growth explicitly

To improve forecast performance in growing markets, we extend the B-R model by replacing

the fixed asymptote Li with a time-varying carrying capacity Li exp(gt), where g is an

exogenous annual growth rate. This is equivalent to assuming the market ceiling itself

grows exponentially, a good approximation when aggregate energy demand grows at a

roughly constant rate. Concretely, we model technology diffusion using the adjusted B-R

curve

Yi,t =
Li exp(gt)

(1 + exp (−βki(t− t0,i) + βσi(ρϵi,t−1 + ϵi,t)))
1/β

(4.63)

Estimating g from technology-specific time-series is difficult, especially for dominant

technologies at early stages of diffusion where g and k are hard to separate. We set g = 0.02

based on Figure 4.36.

Limitations of the growing market assumption. In practice, as discussed in

Section 4.11, technologies may decline rather than keep growing at the market rate after

reaching maturity, so the 2% p.a. assumption does not hold uniformly. Oil useful energy

consumption grew from approximately 8,500 TWh in 1983 to 13,500 TWh in 2022 (∼75%

over 40 years, or ∼1.3% p.a.). Nuclear and traditional biomass actually decreased. Only

hydropower and gas match the ∼2% p.a. assumption.

Energy substitution models capture these competitive dynamics [37, 259, 260, 376]: oil

substituted wood during the early 20th century, and gas has substituted coal in heating
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and electricity generation [377]. Despite these limitations, the 2% p.a. growing-asymptote

assumption yields tractable Bayesian inference and reasonable backtest performance for

technologies whose growth closely tracks aggregate energy demand.

The growing market S-curve model We use model (4.63) with β = 2
3 , ρ = 0.8,

and g = 0.02 as universal parameters. To estimate the remaining parameters, we adjust

the transformation function that linearizes the S-curve to account for market growth:

f(Yi,t;Li, β) + ki(t− t0,i) =
1

β
log

(
(Li exp(gt))β

Y β
i,t

− 1

)
+ ki(t− t0,i).

The (t, t′) element of the Jacobian matrix is

(
∂f(Yi,t)

∂Yi,t

)
t,t′

=
∂f(Yi,t)

∂Yi,t′
= δt,t′

−(Li exp(gt))β

Yi,t((Li exp(gt))β − Y β
i,t)

(4.64)

and the log-determinant is

log det

(
∂f(Yi,t)

∂Yi,t

)
=

T∑
t=1

[
βgt + β log(Li)− log

(
Yi,t((Li exp(gt))β − Y β

i,t)
)]

.

We then perform Bayesian inference as before using this adjusted transformation function

and Jacobian.

Priors and assumptions. For models without asymptotic growth we require Li >

maxt(Yi,t) for t ∈ [0, T ], where T is the last time-point in the training data. As in Section 4.7,

we place priors on scaled parameters L̃i = Li/maxt(Yi,t) and t̃0,i = t0,i − t1, where t1 is

the first time-point in the training data. Figures 4.38b and 4.38e use the fixed-asymptote

B-R model with the same universal prior as in the main analysis (Section 4.7).

In the growing-market model (4.63), the asymptote increases over time, so we require

Li exp(gt) > Yi,t rather than Li > maxt(Yi,t). In particular, L̃i can be less than 1 because
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market growth compensates. We therefore adjust the priors for L̃i and t̃0,i, while keeping

ki and σi unchanged. Furthermore, we set a smaller lower bound on t̃0,i to ensure that

the inflection point is not too late, which would lead to implausible forecasts. We adjust

the scales of L̃i and t̃0,i (and the shape of t̃0,i) so that the prior predictive distribution

remains reasonable. The exogenous growth assumption changes the relationship between

these parameters and the data, particularly for L.

π(θi) =



L̃i ∼ Γ(2, 0, 5) (lower bound: L̃i ≥ 0)

log ki ∼ log Γ(1, 0, 1) (unchanged)

log t̃0,i ∼ log Γ(2,max(5, Tmax − 6/k̂ssr,i), 15) (lower bound: tech-specific)

log σi ∼ log Γ(1, 0, 1) (unchanged)

(4.65)

The prior for L̃i now has a lower bound of 0 rather than 1.

For shares, Li is bounded between 0 and 1. Hence, we keep all priors unchanged except

for Li, for which we use a uniform distribution between 0 and 1 as a non-informative prior.

That is, the prior for shares is

π(θi) =



L̃i ∼ U(0, 1),

t0,i ∼ Γ
(
3, max(5, Tmax − 3/k̂ssr,i), 30

)
,

ki ∼ Γ(1, 0, 1),

σi ∼ Γ(1, 0, 1).

(4.66)

Prior adjustment for near-saturated shares. For the shares B-R model applied

to gas and hydropower, both technologies are already near or at saturation in shares

at the T − 30 training–test split. In this regime, the data-informed lower bound ℓt0,i =

max(5, Tmax− 3/k̂ssr,i) can inadvertently push the prior support for t0,i to lie entirely after

the last observed data point, resulting in degenerate posteriors. We therefore set a smaller
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offset (2/k̂ssr,i instead of 3/k̂ssr,i) for these two cases, ensuring the prior places the inflection

point within the observed data range.

4.17.2.2 Comparing the three approaches.

We show results for two technologies where we expect the growing market model to work

well, hydropower and gas. We then discuss the intrinsically more difficult example of oil.

Technologies that grow asymptotically with the market: Hydropower and

gas. Figure 4.38 compares backtest results for gas and hydropower using each of the three

methods for a 30-year forecast horizon. In the test period, both technologies’ useful energy

shares change only modestly (gas increases slightly; hydropower is flat), so the shares

model is a reasonable approximation. Results would naturally vary under different training–

test splits or prior configurations. Figure 4.38a shows that the shares forecast produces

(a) Gas backtest (shares) (b) Gas backtest (TWh,
widened)

(c) Gas backtest (TWh, grow-
ing S-curve)

(d) Hydropower backtest
(shares)

(e) Hydropower backtest (TWh,
widened)

(f) Hydropower backtest (TWh,
growing S-curve)

Figure 4.38: Example backtest comparison for three forecasting methods on gas and
hydropower useful energy generation shares and absolute generation. (a-c) Backtest on gas
shares, useful energy with no growth assumptions, and useful energy with growth assump-
tions. (d-f) Backtest on hydropower shares, useful energy with no growth assumptions,
and useful energy with growth assumptions.
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reasonable results for this training–test split. The posterior places both technologies near

saturation in shares (the posterior median of L̃i is close to the last observed value), which

is consistent with the data. The forecasts appear slightly underdispersed: realized data

points occasionally fall outside the 95% credible interval, likely because the B-R model’s

noise variance shrinks to zero as diffusion approaches the asymptote, understating residual

uncertainty near maturity.

Figures 4.38b and 4.38e show that the fixed-asymptote B-R model applied to TWh is

overconfident even with adaptive widening. Realized generation rises above the prediction

interval because gas and hydropower keep growing with the market. Their useful energy

shares stay flat while their absolute generation grows with overall demand, so generation

exceeds the model’s fixed ceiling. This is a structural failure of the model.

Figures 4.38c and 4.38f show that the growing market S-curve model captures future

data points well, with the median forecast close to realized values. Both technologies grew

at approximately 2% p.a. in this period, so the model is expected to perform well. Note

that adjusting the priors for Li and t0,i to account for the growing market size can lead to

better performance.

These results inform our approach for solar and wind. For mature technologies with

flat shares (gas, hydropower), the fixed-asymptote model fails in TWh because the growing

market dominates. For solar and wind, however, we are in the opposite regime: both

technologies are at early diffusion stages where total energy generation is still far below

any plausible asymptote. In this regime, the fixed-asymptote model remains valid because

the S-curve dynamics (not market growth) drive the forecast, and we use it for our main

solar and wind projections in Section 4.19.

Predicting through an oil production shock. Figure 4.39 shows the distributional

forecast and log-error for oil useful energy generation, using the fixed-asymptote B-R model,
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when training before (1870–1972), during (1870–1979), and after the oil production shock

(1870–1985). The figure illustrates how training-period timing relative to structural

(a) Pre-shock forecast
(widened)

(b) During-shock forecast
(widened)

(c) Post-shock forecast
(widened)

(d) Pre-shock log-error (e) During-shock log-error (f) Post-shock log-error

Figure 4.39: Backtest for oil useful energy generation using the fixed-asymptote B-
R model, with distributional forecasts and log-errors for pre-shock, during-shock, and
post-shock training sets. (a) Pre-shock forecast captures future deviations well. (b)
During-shock forecast. Most data points fall within the lower part of the prediction interval,
with a few below it. (c) Post-shock forecast captures realized data points, which lie in the
upper part of the distribution. (d–f) Corresponding log-errors. The median forecast for
all three scenarios is reasonable, with log-errors generally within ±25%.

breaks affects forecast accuracy. Training pre-shock (1870–1972) or post-shock (1870–1985)

yields reasonable performance: the pre-shock forecast captures future deviations within

95% prediction intervals, while the post-shock forecast achieves log-errors below 15% (in

value) with all points inside prediction intervals. Yet post-shock forecasts systematically

underestimate future data points. All points lie in the upper part of the distribution,

possibly because the energy market is growing.

Training through the oil production shock (1870–1979) produces systematic overesti-

mation in the median, with log-errors increasing to ∼20% as the model fails to capture

subsequent drops. The general pattern is robust across prior configurations. Even in this
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adversarial case the realized data remain within the prediction interval. The structural

break is a low-probability event under the model, not an impossible one. A purely data-

driven model has no mechanism to anticipate such production shocks, and the adaptive

widening assigns them non-negligible probability.

4.17.3 Exogenous disruptions: nuclear energy

Nuclear energy is an instructive case of a technology whose diffusion trajectory was

repeatedly disrupted by exogenous safety events. Unlike the technologies in our main

cross-section dataset, nuclear has experienced multiple abrupt deceleration episodes and is

therefore a stress-test for any smooth S-curve model.

Backtest results. Figure 4.40 shows backtests using the fixed-asymptote B-R model

with forecast origins in 1974 (before the major growth decline) and 1984 (after the Three

Mile Island accident), with the same universal prior used for solar backtests in Section 4.18.

Current nuclear useful energy generation is approximately 2,500 TWh. From the 1974

(a) 50-year forecast horizon, origin 1974
(widened)

(b) 40-year forecast horizon, origin 1984
(widened)

Figure 4.40: Backtest for nuclear energy useful energy generation using the fixed-
asymptote B-R model. (a) 50-year horizon from 1974 (before the major accidents): the
model overestimates by ∼4×, but realized data still lie within the tails of the prediction
interval. (b) 40-year horizon from 1984 (after Three Mile Island; pre-Chernobyl): the
post-TMI deceleration is already visible in the training data, and the model captures the
trend reasonably well.
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forecast origin (panel a), the model predicts a 2024 median of ∼11,000 TWh — over 4×

the realized value — yet realized data still lie within the lower tails of the 95% prediction

interval. This is expected: a data-driven model has no mechanism to anticipate the

sequence of accidents and regulatory changes that followed, but the wide prior on L ensures

the structural break remains within the distribution’s support.

By 1984, the data already show a clear deceleration following Three Mile Island, and the

model is able to reasonably estimate the trend going forward (though it cannot anticipate

Chernobyl in 1986 or Fukushima in 2011).

Historical context. Nuclear power was promoted as a peaceful use of atomic energy

after WWII [378], and in the 1970s was projected to become a dominant energy source

[379]. Today it accounts for approximately 3% of useful energy consumption. Figure 4.41

shows the historical useful energy share and log-growth. Three major accidents (Three

Figure 4.41: Useful energy consumption share and log-growth of nuclear electricity.
Growth was approximately 30% p.a. during the rapid expansion phase. After Three Mile
Island (1979), growth decreased; after Chernobyl (1986), log-growth fell from ∼15% to
∼5%; after Fukushima (2011), log-growth turned negative before recovering to ≈ 2% p.a.

Mile Island (1979) [380], Chernobyl (1986), and Fukushima (2011)) each produced sharp

growth declines visible in Figure 4.41. No new US reactor has been ordered since 1978

[381], and public support shifted predominantly negative after these events [382, 383].

Nuclear electricity reached an approximate plateau around 1995 at ≈ 4.5% of useful energy
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consumption; since 2011, log-growth has hovered near −2%. These repeated disruptions

explain the forecast failures above: each accident reset the diffusion trajectory in a way

that a smooth S-curve cannot capture.

The nuclear case illustrates a general limitation. The S-curve model cannot always

capture sudden structural breaks in adoption driven by exogenous events. Such disruptions

are rare across the technology ensemble, although this is partly due to selection bias.

4.18 Backtesting solar and wind time-series

To confirm the robustness of our forecast results on solar PV and wind (main paper

Figure 4), we backtest on historical data for a 15-year forecast horizon. This horizon

corresponds to energy-system planning time-scales [198, 250] and matches the forecast

horizons used in Section 4.19.

Before interpreting the backtest results, two features of solar PV and wind are important

context. Both technologies have followed near-exponential growth through 2024, with no

sustained deviation from trend (Section 4.19, Figure 4.48). When training from a 2010

forecast origin, nearly all historical data therefore lies in the exponential regime. This

provides limited information about eventual saturation and makes the prior more influential

than in the true out-of-sample exercise. The 2010 origin is also particularly early for solar:

solar PV represented only 0.04% of global useful energy in 2010, compared to 2.4% in

2024 (the forecast origin of the main-text predictions). The backtest thus constitutes a

conservative stress test, and the full out-of-sample forecasts from 2024 use 14 additional

years of data with a considerably more informative posterior for L.

Backtests of useful energy generation and capacity use the universal prior with the

model-direct adaptive widening calibrated in Section 4.16. This is the same method as our

main-text forecasts. Backtests of market shares and of the asymptotic-growth model use
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no post-hoc widening.

Figure 4.42 shows the median and 95% prediction interval for solar and wind useful

energy generation, shares, and capacity. We marginally underpredict solar in the median

and overpredict wind, except for wind useful energy generation. Almost all realizations

fall within the 95% prediction interval. For solar useful energy generation, all realizations

fall within the interval, but they lie systematically in its upper part, and the 2024 point is

only just inside. This reflects the median underprediction of solar growth. The remaining

exceptions are the 2024 wind useful-energy-share point below the interval and wind capacity

below it in 2017 to 2019.

(a) Solar useful energy share (b) Solar useful energy genera-
tion (widened)

(c) Solar capacity (widened)

(d) Wind useful energy share (e) Wind useful energy genera-
tion (widened)

(f) Wind capacity (widened)

Figure 4.42: Backtest results for solar and wind useful energy generation, shares, and
capacity. Black dots are historical data. Blue circles are future realizations relative to
the forecast origin. The black line is the median forecast. The shaded region is the 95%
prediction interval in 5% steps. Panels labelled (widened) use the adaptive widening of
Section 4.16. (a)–(c) show backtests for solar PV, and (d)–(f) show backtests for wind.

Backtest using the S-curve with asymptotic growth. Figure 4.43 shows the

same backtest for solar PV and wind useful energy for a 15-year horizon, but using the
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S-curve model with asymptotic market growth. If technologies are far from saturation, the

forecast should be similar under both models. The results are indeed almost the same.

When diffusion is far from saturation, Y (t)/[L exp(gt)]≪ 1, so the S-curve trajectory is

governed mostly by the exponential-growth phase of the B-R model. In this regime, the

additional exp(gt) factor plays no large role in the near-term forecasted trajectory. The two

model variants diverge materially only as the technology approaches its effective market

ceiling.

(a) Solar useful energy genera-
tion

(b) Wind useful energy genera-
tion

Figure 4.43: Backtest results for solar and wind useful energy generation using the
asymptotic growth model. Black dots are historical data. Blue circles are future realizations.
The black line is the median forecast. The shaded region is the 95% prediction interval in
5% steps. (a) shows the backtest for solar PV useful energy, and (b) shows the backtest
for wind useful energy.

Additional solar and wind time-series Solar PV and wind time-series are also

commonly reported as shares of total electricity generation. Figure 4.44 presents the

backtest for electricity shares using data from OWID [210], providing an independent

robustness check that the model generalises to this alternative diffusion measure. Prediction

intervals are wider here because the electricity-shares series begin in 1985 rather than

1975, shortening the training window and reducing the information available about early

diffusion dynamics. In-sample noise is also higher relative to the useful energy series,

further contributing to the wider prediction intervals.
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(a) Solar electricity share (b) Wind electricity share

Figure 4.44: Backtest results for solar PV and wind electricity shares. Black dots are
historical data. Blue circles are future realizations. The black line is the median forecast.
The shaded region is the 95% prediction interval in 5% steps. (a) shows the backtest for
solar PV electricity share, and (b) shows the backtest for wind electricity share.

4.19 Forecasting solar and wind useful energy

We present distributional forecasts for solar PV and wind useful energy generation, shares,

and capacity using the Bertalanffy-Richards curve with technology-invariant parameters

ρ = 0.80, β = 2/3, ϵi,T = 0. The historical data sources are described in Section 4.11, with

records through 2024. Farmer and Lafond [30] provide the method for the exponential-

growth forecasts. We compare our forecasts to IEA NZE [296], IPCC AR6 [234], and Way

et al. [29].29

Throughout this section we keep two conceptually distinct issues separate. First,

installed capacity (in TW) measures the maximum potential output of a technology, whereas

the energy actually delivered depends additionally on the capacity factor and downstream

conversion losses. Second, we distinguish secondary energy (raw electricity generated),

final energy (electricity delivered to end-users, after transmission and distribution losses),

and useful energy (the energy content of services provided, after end-use losses). We

prefer useful energy because it best represents the energy services delivered by solar and

wind and enables consistent comparison via shares. Where the IEA reports milestones

in capacity (TW), we also forecast capacity directly. Section 4.19.2 below details the

capacity-to-useful-energy conversion and shows that fitting capacity and converting yields

29See [66, 69, 113, 384, 385] for alternative approaches.
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similar forecast distributions to fitting useful energy directly.

4.19.1 IEA net-zero milestones for solar capacity

The IEA publishes Net-Zero Emissions (NZE) 2050 milestones for solar PV installed

capacity [296, 297]: deployment targets at 2030, 2035, 2040, and 2050 consistent with

limiting warming to 1.5◦C. We address two questions. First, given an assumed asymptote

L, when does the B-R model predict each milestone is reached, and how does that change

with L? Second, what does our distributional forecast for solar capacity imply for whether

the milestones will be met?

4.19.1.1 Conditional milestone-year analysis

L is hard to identify from early data, and experts may disagree on its plausible range. We

complement the distributional forecast with a conditional exercise. We treat L as a known

input, fit (k̂, t̂0) by OLS on the GFP-linearised model (Eq. (4.16)), and compute the year

at which diffusion reaches each IEA milestone as a function of L.

To estimate the year t∗ such that diffusion Y (t∗) equals milestone Mt∗ , we invert the

B-R model (Eq. (4.16)) to solve for t∗,

t∗(L,Mt∗) = t̂0 −
1

βk̂
log

((
L

Mt∗

)β

− 1

)
+

ηt∗

βk̂
, (4.67)

where ηt∗ = σ̂(ϵt∗ + ρϵt∗−1). The noise term is additive in the time domain, so ±1σ error

bands are

t∗(L,Mt∗) = t̂0 −
1

βk̂
log

((
L

Mt∗

)β

− 1

)
± ση

βk̂
, (4.68)

where ση = σ̂
√

1 + ρ2. These OLS bands reflect only the stochastic noise ηt∗ and do

not account for posterior uncertainty in k̂, t̂0, or σ̂. They therefore understate the total

uncertainty. We also perform a full Bayesian fit with the same universal priors as the
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unconditional forecasts, treating L as fixed. Figure 4.45 compares the OLS, the Bayesian,

and the Bayesian widened 68% bands.

Figure 4.45: Year at which each IEA NZE milestone is reached as a function of the
assumed asymptote L. (a): OLS analytical median with ±1σ bands as per main paper
Figure 4(b). (b) Bayesian posterior keeping L fixed, with posterior uncertainty in k̂,
t̂0, and σ̂. (c) The same Bayesian posterior after the adaptive widening transform of
Section 4.7.5. Dashed horizontal lines mark IEA target years. The widening is calibrated
on the unconditional 120-technology forecasts, so panel (c) is an approximation in this
fixed-L case.

The two methods agree closely on the median. The OLS and Bayesian median milestone

years differ by less than 0.1 year at every L for the IEA solar capacity milestones. The

widening transform preserves the median by construction, so panel (c) shares the median

of panel (b). The year each milestone is reached is therefore robust at the median. It does

not depend on the method or on the widening, and only the width of the bands changes.

This is what matters for the application to solar PV below, which reports median years

(Table 4.21).

Validation on the 120-technology dataset. We test the conditional method on

the 120 technologies of Section 4.11. For each technology we take the asymptote L from

the full-sample OLS fit on the GFP-linearised B-R model with free β (the same fit used

for prior calibration elsewhere in the pipeline). Diffusion is defined as d = Y/L, and

milestone M corresponds to Y ≥M · L. For each series we then fit (k̂, t̂0) by OLS on the
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GFP-linearised model with fixed β = 2/3 using observations with d < dfit. We predict the

year diffusion reaches each milestone fraction M and compare to the realised year.

Table 4.20 reports the median prediction error (predicted minus realised milestone

year) at two values of dfit that bracket solar PV’s 2024 situation. The lower diffusion

(dfit = 2.5%) is close to solar PV’s posterior-median current diffusion (≈ 2.2%). The higher

diffusion (dfit = 10%) matches the diffusion implied by the IEA NZE 2050 asymptote

L = 26 TW. At the lower diffusion only 56 of the 120 historical analogues have enough

early data to fit the method. Median errors grow from +4.7 years at M = 0.25 to +12.1

years at M = 0.90. At the higher diffusion the sample is larger (N = 86) and errors are

smaller, from +1.1 years at M = 0.25 to +6.0 years at M = 0.90.

Table 4.20: Median prediction error (predicted minus realised milestone year, in years)
on the 120-technology dataset. We take each technologyś asymptote L from the full-sample
free-β OLS fit on the GFP-linearised B-R model. Diffusion is d = Y/L. We fit (k̂, t̂0)
by OLS with fixed β = 2/3 on observations with d < dfit, predict the year diffusion
reaches each milestone fraction M , and compare to the realised year. N is the number
of technologies with a successful fit and a realised milestone. The two rows bracket solar
PVś situation in 2024: dfit = 2.5% approximates our posterior-median current diffusion
(≈ 2.2%), while dfit = 10% reflects the diffusion implied by the IEA NZE 2050 asymptote
L = 26 TW (2.2/26 ≈ 8.5%).

dfit N M=0.25 M=0.50 M=0.75 M=0.90

2.5% 56 +4.7 +7.9 +12.0 +12.1
10% 86 +1.1 +1.6 +3.3 +6.0

How much can we trust the method? The signed median error is positive in

every cell of Table 4.20. That is, the conditional method predicts milestones later than

technologies realised them. The milestone-year predictions of Figure 4.45 are therefore

conservative. Under the IEA NZE asymptote assumption (L = 26 TW, dfit = 10%), each

IEA capacity target divided by L gives its milestone fraction M : 0.21 for 2030, 0.48 for

2035, 0.68 for 2040, and 0.93 for 2050. The corresponding median biases are approximately

+1, +2, +3, and +6 years. Under our posterior on L, where solar’s current diffusion is

about 2.2%, the same milestones lie at smaller M but require a much longer extrapolation,
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and the corresponding median biases are approximately +5, +8, +12, and +12 years.

The median is robust, but are the prediction bands the right width? The widening

transform was calibrated on the unconditional forecasts, so applying it to these fixed-L

bands is an approximation. We test it by backtesting coverage on the 120 technologies, one

milestone at a time. Take the 50% milestone, the year a technology first reaches half of

its asymptote. For each technology the fixed-L Bayesian fit gives a predictive distribution

over that year, and we know the year it was actually reached. The 68% coverage is the

fraction of technologies whose actual year falls inside the central 68% of their own predictive

distribution. A well-calibrated band has coverage equal to its nominal level. We compute

this for each milestone (25%, 50%, 75%, 90%) and for several values of dfit, the diffusion

up to which we fit each technology. Without widening the bands are too narrow, just as

in the unconditional forecasts. Widening moves coverage closer to nominal. Fitting up

to 10% diffusion, for example, raises the 68% coverage of the 50% milestone from 33% to

55%, and its 90% coverage from 45% to 76%. Coverage is better when we fit up to a larger

diffusion, where more data is available.

Application to solar PV. Table 4.21 reports the year reached for each milestone at

three representative asymptotes, with Bayesian widened 68% bounds. At L = 26 TW the

model meets the 2030 milestone (5.5 TW) and the 2035 milestone (12.5 TW) in their target

years, and reaches the 2040 and 2050 milestones roughly one year early. At L = 40 TW

the model reaches the final 2050 milestone (24.2 TW) in 2039, approximately a decade

ahead of target.

4.19.1.2 Distributional forecast for solar PV capacity

The conditional analysis above assumes L is known. Figure 4.46 shows the distributional

forecast for solar PV capacity before and after the widening transform of Section 4.7.5. The

24.2 TW by 2050 IEA NZE target lies below the 15th percentile of the widened forecast,
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Table 4.21: Estimated year of reaching IEA net-zero-by-2050 milestones for solar PV
capacity, conditional on asymptote L. The median year t∗ is computed analytically from
the Bertalanffy-Richards curve with β = 2

3 . The lo/hi columns are the 68% band after
applying the adaptive widening transform of Section 4.7.5 (Eq. 4.36), with w∗ looked up
at deff = Y2024/L from the same anchors as the unconditional capacity forecasts. A fixed-L
Bayesian fit with the universal priors of Section 4.7 yields a posterior median for t∗ within
0.1 year of the OLS value for every L tabulated. A dash indicates the milestone exceeds
the assumed asymptote.

L (TW) IEA milestone Median year 68% lo 68% hi Years early/late

10 2030 (5.5 TW) 2033 2029 2039 3 late
10 2035 (12.5 TW) – – – –
10 2040 (17.8 TW) – – – –
10 2050 (24.2 TW) – – – –

26 2030 (5.5 TW) 2030 2027 2034 on time
26 2035 (12.5 TW) 2035 2032 2039 on time
26 2040 (17.8 TW) 2039 2036 2043 1 early
26 2050 (24.2 TW) 2049 2046 2053 1 early

40 2030 (5.5 TW) 2029 2026 2033 1 early
40 2035 (12.5 TW) 2034 2031 2037 1 early
40 2040 (17.8 TW) 2036 2034 2040 4 early
40 2050 (24.2 TW) 2039 2037 2043 11 early

indicating that even under pessimistic diffusion scenarios solar PV is likely to meet all IEA

net-zero capacity milestones. The unconditional median reaches approximately 75 TW in

2050, well above the highest IEA target.
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(a) Solar PV capacity forecast
(unwidened).

(b) Solar PV capacity forecast
(widened).

Figure 4.46: (a) Distributional B-R forecast for solar PV installed capacity under the
universal prior, unwidened. (b) Same forecast after the adaptive widening transform of
Section 4.7.5. Dashed lines show the IEA NZE and Stated Policies scenarios from the 2023
[296] and 2025 [297] editions. The most demanding IEA milestone (24.2 TW by 2050) lies
below the 15th percentile of the widened forecast.

4.19.2 From capacity to useful energy

Solar useful energy forecasts can be built from two alternative data sources: (i) useful

energy (direct): historical useful energy actually delivered (in PWh/yr) from Way et al.

[29]; or (ii) installed capacity (converted): historical installed capacity (in TW) from

IRENA [298], converted to useful energy via

Euseful = C × 8760× CF× 0.87× 0.9, (4.69)

where C is installed capacity in TW and 8760 is the number of hours per year. The capacity

factor CF (typically 0.10–0.25 for solar PV globally [386]) converts installed capacity to

secondary energy (electricity generated). The factor 0.87 is the median secondary-to-final

energy conversion ratio computed from 1,167 vetted IPCC AR6 scenarios [234], accounting

for transmission and distribution losses estimated at 4–15% globally [387]. The factor 0.9

converts from final to useful energy, following Way et al. [29] and accounting for end-use

losses [388].
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Using CF = 0.17 (the historical median global value [386]), 76 TW (approximately the

median solar capacity forecast in 2050) yields ≈ 88 PWh of useful energy per year via

Eq. (4.69), broadly consistent with the median predicted useful energy of ≈ 80 PWh in

main text Figure 4 in 2050. The conversion is sensitive to the assumed capacity factor. A

slightly lower value within the historical range (CF ≈ 0.15) gives a capacity-route median

of ≈ 78 PWh, almost identical to the direct estimate. Even at CF = 0.17, the two routes

produce very similar distributional forecasts, as quantified below (Fig. 4.47). The unwidened

5th–95th percentile capacity forecast at 2050 is ≈ 21–187 TW, translating to ≈ 25–219 PWh

of useful energy and consistent with the corresponding unwidened useful-energy direct

interval. After applying the adaptive widening transform of Section 4.7.5, these intervals

widen to ≈ 13–430 TW (≈ 15–500 PWh) for the capacity route and ≈ 13–470 PWh for

the useful-energy direct route. The widening is applied identically to both routes, so the

similarity between them is preserved (panel c of Fig. 4.47 below). The widened lower

bound is conservative since the asymmetric transform widens the upper tail more strongly

than the lower (Section 4.7.5).

To confirm that the choice of data source does not materially affect the forecast, we

compare the two distributional forecasts at each year using the two-sample KS statistic

(Eq. (4.62)) with F1 = F̂useful and F2 = F̂cap, the empirical CDFs of the useful-energy

and capacity-converted forecast samples respectively, with x in PWh/yr, and the overlap

coefficient

O =

∫
min

(
fuseful(x), fcap(x)

)
dx, (4.70)

where D = 0 (resp. O = 1) indicates identical distributions.

Figure 4.47 presents the comparison in three panels. On a log scale (panel a), the two

historical series show a slight divergence up to around 2000, after which they align closely

through 2024, confirming that the constant-CF conversion is a reasonable approximation
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over the observed period. The early divergence may reflect a capacity factor that differed

from the fixed value of 0.17 during the early phase of solar PV deployment. The widened

forecast distributions at 2030, 2040, and 2050 are broadly overlapping (panel b), with

comparable medians and interquartile ranges across the forecast horizon, though the useful-

energy (direectly predicted) median is marginally lower in 2050 uder a 0.17 capacity factor.

The KS D statistic remains below 0.10 and the overlap above 0.9 throughout (panel c).

The same conclusion holds for the unwidened forecasts. We conclude that forecasting

capacity and converting to useful energy, or forecasting useful energy directly, generates

similar distributional forecasts for solar PV.

Figure 4.47: (a) Historical useful energy (orange) and capacity converted to useful
energy via Eq. (4.69) (blue), on a log scale. The two series show a slight divergence up
to around 2000, after which they align closely. (b) Side-by-side boxplots of the forecast
distributions at 2030, 2040, and 2050, both widened via the adaptive sqrt-lower transform
of Section 4.7.5 (box = IQR, whiskers = 1.5× IQR). (c) Kolmogorov–Smirnov D statistic
(black, left axis) and overlap coefficient (orange dashed, right axis) from 2025 to 2050.

4.19.3 Forecasts for useful energy

4.19.3.1 Setup

We now turn to distributional forecasts for useful energy generation and useful energy

shares.
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Converting between the energy-accounting conventions defined above (secondary, final,

useful) requires two steps. Sadovskaia et al. [387] estimate global transmission and

distribution losses at 4–15% (secondary to final energy). Way et al. [29] assume end-use

losses of 10% for solar and wind electricity (final to useful energy). We apply the two

factors sequentially.

We compute the median secondary-to-final energy ratio across vetted IPCC AR6

scenarios [234] for 2030, 2040, and 2050, obtaining a conversion factor of 0.87. We then

multiply by 0.9 to convert from final to useful energy, following Way et al. [29] and accounting

for end-use losses [388]. To compare with IEA electricity generation scenarios, we multiply

the reported final energy values by 0.9 to obtain useful energy estimates [296, 297]. The

derivation of these conversion factors and a validation that this approach yields similar

forecast distributions to fitting useful energy directly are provided in Section 4.19.2.

Before comparing our forecasts to scenarios, we examine how our model can predict

departure from exponential behavior even though, for early solar PV and wind data,

observed growth is close to exponential.

4.19.3.2 Analyzing the growth of solar and wind

This subsection examines how our B-R forecasts incorporate information about when solar

and wind will decelerate from their current near-exponential growth. We establish formally

that the near-exponential growth observed so far is exactly what the B-R model predicts

for early-stage technologies. We then identify the point at which the median B-R forecast

diverges from a pure exponential extrapolation. This is the earliest horizon at which the

S-curve dynamics become detectable in the data.

So far, solar PV and wind have exhibited growth patterns very close to exponential

[29–31]. The B-R model predicts this. For a technology in its early growth phase (t≪ t0)
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we have exp(−βk(t− t0))≫ 1, so the B-R model reduces to

yt ≡ log Yt ≈ (logL− kt0) + kt− σ
(
ϵt + ρϵt−1

)
, ϵt ∼ N (0, 1), (4.71)

i.e. a deterministic linear trend at rate k with MA(1) noise. Our ability to predict future

deployment hinges upon deviations from this exponential trend. Following Farmer and

Lafond [30], we analyze when the median B-R forecast departs significantly from such an

exponential null model.

The deterministic trend implied by the model is y1 + µ̂ (t− t1), where y1 = log Y (t1) is

the log of the first observation and µ̂ = ∆y is the sample mean of the log-differences. The

OLS residuals from this trend are r̂i = y(ti)− ŷ(ti), with residual standard error

σ̂ =

√∑n
i=1 r̂

2
i

n− 2
, (4.72)

where the denominator n− 2 reflects one degree of freedom lost to the estimated slope µ̂

and one to the constraint that the trend passes through (t1, y1), which forces r̂1 = 0. The

in-sample prediction interval is

ŷ(t) ± 2 σ̂

√
1 +

1

n
+

(t− t̄)2

Sxx
, (4.73)

where t̄ is the sample mean of the time index and Sxx =
∑

i(ti − t̄)2. The factor of 2

approximates the exact critical value tn−2, 0.025; for our sample sizes (n ≥ 42) the approx-

imation error is less than 1%. This is the standard OLS prediction interval for a new

observation at time t within the sample period [389]. We define the normalized deviation

from exponential growth as

d(t) =
r̂t
σ̂
. (4.74)

A technology deviates significantly from exponential growth at time t when |d(t)| exceeds
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the bound implied by Eq. 4.73.

For out-of-sample forecasting of a random walk with drift, we follow Farmer and Lafond

[30] and use a τ -step-ahead forecast variance that accounts for the uncertainty in the

estimated drift,

V (τ) =
ŝ2

1 + ϕ̂2

[
−2ϕ̂ +

(
1 +

2(m− 1)

m
ϕ̂ + ϕ̂2

)(
τ +

τ2

m

)]
, (4.75)

where ŝ2 = 1
m−1

∑T
t=2(∆yt− µ̂)2 is the sample variance of the log-differences and m = T −1

is the number of log-differences. The τ2/m term is due to the fact that the drift is estimated.

Then we use

ŷ(T + τ) = yT + µ̂ τ ± 2
√
V (τ) (4.76)

as a 95% prediction interval for the τ -step-ahead forecast.

For solar PV, µ̂ = 0.32 (37% annual growth, doubling every 2.2 years), ϕ̂ = 0.41,

ŝ2 = 0.035, and σ̂ = 0.50. For wind, µ̂ = 0.19 (21% annual growth, doubling every

3.6 years), ϕ̂ = 0.32, ŝ2 = 0.009, and σ̂ = 0.45. Figure 4.48 presents the results.

(a) Useful energy generation (b) Deviations from exponential
growth

(c) Exponential extrapolation
with prediction intervals

Figure 4.48: (a) Historical useful energy generation on a logarithmic scale, with expo-
nential trend (dashed) and ±2σ̂ prediction bands (shaded). (b) Normalized deviations
d(t). The wave-like pattern is consistent with the positively correlated errors implied
by the MA(1) process. (c) Exponential extrapolation with prediction intervals (shaded),
exponential trend line (dashed), and median B-R forecasts (solid).
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Figure 4.48a shows that both technologies have followed approximate exponential

growth over the past several decades. Figure 4.48b shows that historical deviations exhibit

a wave-like pattern consistent with the positively correlated errors of the MA(1) process,

but no sustained systematic departure from the trend within the historical sample. This

is exactly what the B-R model predicts for technologies still in their early exponential

phase: finite-L S-curves look indistinguishable from pure exponential growth until diffusion

rises well above a few percent of the asymptote. The finite estimate of L is therefore not

identified from observed saturation in the data. It is instead informed by our empirical Bayes

prior on L, which encodes evidence from the cross-technology distribution of asymptotes

(Section 4.7). Figure 4.48c shows when the median B-R forecast is expected to begin

departing from exponential growth.

4.19.3.3 Comparing forecasts to scenarios

Figure 4.49 shows forecasts for shares and generation of useful energy from solar PV and

wind, compared to the IEA NZE scenario [296, 297] and the Way et al. fast-transition

trajectory [29]. The IEA NZE scenario for 1.5◦C warming [296] and the Way et al. fast-

transition trajectory [29] both lie below our median solar forecast. For wind, IEA NZE and

Way et al. project higher deployment than our unconditional median forecast. Both sit on

the upper end of the 90% prediction interval (5th–95th percentile). Our median forecast

projects a combined solar and wind share of approximately 70% and total generation of

approximately 85 PWh by 2050, compared to the IEA NZE projection of 50% and 45 PWh

[296]. Our forecasts indicate that solar PV is likely to be the dominant source of renewable

energy by 2050, while wind plays a much smaller role than in the IEA NZE scenario,

albeit with a fat tail that includes higher wind deployment. These widened bounds are

probably conservative for solar. In backtesting, fewer than 5% of technologies fall below

their 5th-percentile forecast at early diffusion, so the lower bound is cautious (the Q-Q
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(a) Forecast for solar PV useful energy share (b) Forecast for wind useful energy share

Figure 4.49: Same Bertalanffy-Richards distributional forecast as main-text Figure 4(d-f)
for (a) solar useful-energy share and (b) wind useful-energy share. (c) - (e) are identical
forecasts to main-text Figure 4(d-f), here compared to the IEA NZE scenario [296, 297]
(green dashed; final electricity multiplied by 0.9 to obtain useful energy following Way et
al. [29]) and the Way et al. fast-transition trajectory [29], rather than the AR6 ensemble.

curve in main paper Figure 3 sits below the diagonal at low percentiles). Because the

widening is calibrated across technologies, we are cognizant that it may also over-widen

the upper tail for an early-stage technology like solar.

By 2050, our median forecast implies that solar will have an over 5-fold higher useful

energy share than wind (over 50% versus ≈ 10%). The implied ratio in absolute useful

energy generation is substantially larger. The median solar forecast reaches approximately

80 PWh/yr versus approximately 5 PWh/yr for wind, a roughly 16-fold difference. The
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share and generation ratios diverge because total useful energy demand is not constant.

When both technologies are measured relative to the same growing total, the gap in forecast

seems to be smaller. This motivates the exogenous growth model presented below, which

explicitly accounts for demand growth and yields shares and absolute generation forecasts

that are more consistent with each other.

Inferred percentage of adoption. The posterior distribution for the asymptote

implies a distribution over the current diffusion level. For a technology still growing,

maxt Yi,t = Yi,T , so the normalized asymptote is L̃i = Li/Yi,T . The implied current

adoption percentage is therefore

Di,T =
Yi,T
Li
× 100 =

100

L̃i

%. (4.77)

Because L̃i has a posterior distribution, so does Di,T . We apply the asymmetric widening

transform of Section 4.7.5 to the posterior on L before computing the implied diffusion.

The widening transform preserves the median by construction and stretches the tails. The

widened posterior is the one used in the main paper because it is calibrated to match the

empirical PIT distribution observed in backtesting (Section 4.16). Figure 4.50 reports

the implied diffusion distribution. The top row (a, b) shows the un-widened and the

bottom row (c, d) shows the widened implied diffusion of the 2024 generation. The median

implied diffusion is identical in both rows by construction. The 5–95% interval is wider

in the bottom row. The median implied diffusion is approximately 2.2% for solar PV

and 43.4% for wind. The solar posterior places solar firmly in early diffusion. The wind

posterior places wind at a more advanced stage but with greater uncertainty about how

advanced. Re-fitting the wind-time-series from forecast origins one to five years earlier

yields a posterior on L that narrows toward the same low value, indicating the data is

becoming increasingly informative about the asymptote.
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(a) Un-widened (raw posterior)

(b) Widened (used in main paper)

Figure 4.50: Posterior distribution of the current diffusion level Di,T = 100/L̃i for solar
PV and wind useful energy generation. Top row (un-widened): raw posterior. Bottom
row (widened, used in main paper): after applying the asymmetric widening transform
of Section 4.7.5. Vertical dashed lines mark the median implied diffusion (approximately
2.2% for solar PV and 43.4% for wind).

Exogenous demand growth. Figure 4.51 shows forecasts as in main-text Figure 4,

but assuming 2% annual exogenous demand growth, using the methodology of Section 4.17.

Solar reaches approximately 60 PWh/yr by 2050, compared to approximately 80 PWh/yr

under the B-R model (without exogenous growth). This may seem counter-intuitive, but

reflects a change in the model’s parameters and a corresponding change in the L prior: to

accommodate the exponential growth term, we use a lower L prior (since some growth is

now absorbed by the exogenous term). This produces a lower median forecast in Solar’s

case. That is, the result is sensitive to the prior choice. Nonetheless, the qualitative

implications of the forecast remain similar: the median solar forecast lies well above the
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IEA NZE scenario, and the AR6 scenarios lie well below the median. The main difference is

that, under the exogenous growth model, the median forecast up to 2040 lies slightly below

the Way et al. [29] fast transition. Under the B-R model (without exogenous growth), the

median lies marginally above it. For wind, the median forecast lies below the IEA NZE

scenario under both B-R variants, but the exogenous growth model indicates higher upper

bounds of the distributional forecast for wind. In both cases, the forecasts indicate solar is

still in the early diffusion stage, while wind is in a more advanced stage of diffusion. We

extend these forecasts to 2060 rather than 2050, because the exogenous demand growth

keeps the trajectories rising as the technologies approach saturation, and the extra decade

shows how they separate from the scenarios. The widening transform is not calibrated

for this model, so we show the un-widened forecast. Applying it would only widen the

bounds and would not change the conclusion. Under the exogenous model the median

wind forecast tracks the median AR6 scenario, whereas in the main paper it lies below.
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Figure 4.51: Un-widened forecasts assuming 2% annual exogenous demand growth, for
solar PV, wind, and the two combined, shown to 2060. Top row: our forecast against the
Way et al. [29] fast-transition trajectory and the IEA NZE scenarios [296, 297]. Bottom
row: the same forecast against the IPCC AR6 scenarios [234], in the layout of main paper
Figure 4(d-f), with wind, solar, and the two combined. The shaded band is the 5–95%
prediction interval.

Comparison to literature capacity projections. Several studies project future

solar PV capacity: 21.7 TW by 2050 and 84.5 TW by 2100 [390], and 133 TW by 2100

[391]. Assuming a capacity factor of 0.17 and applying the useful-energy conversion factor

of 0.9× 0.87 ≈ 0.78 as per above, these capacity projections correspond to useful energy

levels of approximately 25 PWh, 98 PWh, and 154 PWh, respectively, all falling within
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the prediction interval for the forecast we have shown for both solar PV useful energy and

capacity.

Achieving these higher capacity levels would require continued growth in energy and/or

electricity demand potentially beyond the baseline. Surges in electricity demand have

occurred, driven by AI and data centres among other factors. Electricity demand grew 4.4%

in 2024 and 3.3% in 2025 [392]. Advanced technologies such as space-based solar power

[393, 394] or perovskite tandem solar cells [390] could deliver improvements to capacity

factors and/or the useful energy conversion factor, which would allow for higher useful

energy generation for a given capacity. However, these technologies are currently in early

stages of development, and it is uncertain whether they will be deployed at scale by 2050.

4.19.4 A pessimistic prior

Assume the position of a skeptic who believes that solar PV is likely not to grow much

further. For example, they may believe that solar PV is already in a phase of decelerating

growth. In such a case one may opt for more pessimistic priors for the asymptote L and

the inflection point parameter t0. Here we present forecasts for solar PV and wind useful

energy assuming the prior

backtesting prior: π(θi) =



L̃i ∼ Γ(2, 1, 5),

t0,i ∼ Γ
(
2, max(5, Tmax − 3/k̂ssr,i), 10

)
,

ki ∼ Γ(1, 0, 1),

σi ∼ Γ(1, 0, 1).

(4.78)

In this prior, the mode of the asymptote L is 6 times the current level (approximately

11.5 PWh/yr for solar). For solar, where k̂ssr ≈ 0.3 and Tmax = 50, the mode of the

inflection point t0 = max(5, 50 − 3/0.3) + 10 ≈ 50 (equivalent to t0 being at the last
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observation).

Figure 4.52 shows the widened forecasts under this pessimistic prior. The widening

transform of Section 4.7.5 was calibrated under the universal prior of Eq. (4.35) and is not

re-calibrated here, hence should be treated as a conservative approximation. The median

solar forecast in 2050 has decreased to approximately 63 PWh/yr, from approximately

80 PWh/yr under the prior of Eq. (4.35). Even under a pessimistic prior, the data is

informative enough to converge to a posterior that still predicts substantial growth in

solar PV useful energy generation. That is, the median posterior asymptote is 66 PWh/yr,

compared to the prior median of 18 PWh/yr (and prior mode of 11− 12 PWh/yr). The

median wind forecast in 2050 has remained at approximately 5 PWh/yr compared to the

prior used in the main paper, and its posterior is now very narrow. The width of the

distributional forecasts has decreased, reflecting the more concentrated prior. Even under

this pessimistic prior the conclusions are qualitatively the same as in the main paper. Solar

still grows far beyond its current level, while wind stays small.

Figure 4.52: Bertalanffy-Richards forecasts with 90% prediction intervals in 5% steps
(shaded), under a pessimistic prior for the asymptote L and the inflection point t0. Green
dashed lines show the IEA NZE scenario [296, 297], converted to useful energy by multiplying
by 0.9 following Way et al. [29]. The median solar forecast in 2050 is approximately
63 PWh/yr. The median wind forecast in 2050 has remained at approximately 5 PWh/yr.

Figure 4.53 compares prior predictive distributions to the posterior predictive distri-
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bution for solar PV and wind useful energy generation. The data has shifted the solar

PV distribution towards much higher values, and the posterior median is substantially

higher than the prior median in 2050. The data has shifted the wind distribution to much

lower values. This illustrates how the data can overcome a pessimistic or optimistic prior,

yielding forecasts of substantial growth (or limited growth, when the optimistic prior is

incorrect). Despite this, it also indicates that the prior still has an influence on the forecast,

as the median forecast has decreased compared to the prior of Eq. (4.35).

(a) (b)

Figure 4.53: The figure compares the prior predictive distribution (grey) to the posterior
predictive distribution under a pessimistic prior for the asymptote L and the inflection
point t0. (a) Solar PV (orange). (b) Wind (blue) useful energy generation. The data has
shifted the solar PV distribution towards much higher values, and the posterior median
is substantially higher than the prior median in 2050. The data has shifted the wind
distribution to much lower values.

Across these three variations, the universal prior, exogenous demand growth, and a

pessimistic prior, our qualitative conclusion is unchanged.
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Chapter 5

Empirical solar and wind forecasts
expose a solar-growth shortfall in
AR6 mitigation scenarios

This chapter is taken from: Wagenvoort, B. & Ives, M. (2026). Empirical solar and wind

forecasts expose a solar-growth shortfall in AR6 mitigation scenarios [395].

Integrated assessment model (IAM) scenarios are widely used to inform mit-
igation strategy, yet they are not probabilistic and may misrepresent technology
diffusion. Here we combine distributional, empirically grounded forecasts of
solar photovoltaics and wind electricity shares with the Intergovernmental
Panel on Climate Change (IPCC) sixth assessment report (AR6) vetted sce-
nario database to identify pathways consistent with observed deployment
dynamics. We find that most AR6 scenarios fall below the forecast range for
solar growth, indicating that rapid solar-led transitions are under-represented.
Probable scenarios (those consistent with the solar+wind forecast) exhibit
faster electrification and fossil-fuel phase-out, earlier net-zero (median c. 2068;
with c. 10% before 2050), greater renewables-based hydrogen production, and
similar levels of near-term carbon capture deployment but lower long-term
reliance. Within this probable subset, end-century warming remains below 2◦C
with high probability (> 80%), conditional on continued deployment trends
and mitigation of non-energy emissions. Findings are robust across electricity
and useful energy shares and levels. These results will hopefully motivate the
generation of scenario projections with fewer ad hoc constraints on renewable
growth and a better sampling of possible high-renewable transition pathways.

Keywords: Energy transitions; Solar PV; Wind energy; IPCC AR6; Climate scenarios;

Net-zero; Technology forecasting
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5.1 Introduction

Over the past half-century, the scientific community has published warming projections

from anthropogenic greenhouse gas emissions and decarbonisation pathways to limit

warming [396], most prominently through the Intergovernmental Panel on Climate Change

(IPCC) [397] and the International Energy Agency (IEA) [398]. Both organisations regularly

publish decarbonisation scenarios that strongly influence governments, financial institutions,

industry, investors, and the public [24].

Published projections from the IPCC and IEA have, however, systematically underesti-

mated renewable energy deployment [28, 224, 399] and overestimated future technology

costs [30, 400]. In particular, most historical projections have underestimated solar PV

deployment [24, 28, 29, 400], drawing criticism that such scenarios portray low-warming

pathways as unnecessarily difficult and costly [24, 29, 401], prompting calls for better-

parameterised energy-economy models [28, 402–406].

The Integrated assessment modelling (IAM) community has worked to address these

criticisms [27], notably through the ADVANCE Inter-model Comparison project [407].

The sixth assessment report (AR6) incorporates more renewable capacity than AR5, with

many scenarios now adopting declining renewable cost curves [30, 163, 164] and non-linear

renewable growth [29, 261], yielding more rapid, low-warming transition scenarios. As

cost declines in clean technologies become increasingly apparent, the range of projected

future warming is narrowing [408]. While AR5 portrayed low-warming scenarios as nearly

impossible, AR6 concludes they remain challenging but achievable [27], and the highest

warming scenarios are now considered very unlikely [409].

Recent research has indicated that solar PV is destined to be a major, affordable energy

source in most countries [410], and likely to meet the majority of our future electricity

demand [29, 411]. Distributional forecasts grounded in historical data suggest that solar
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PV will likely become the primary future provider of energy, and that many AR6 scenarios

produce substantially lower solar useful energy estimates than these empirically grounded

forecasts [284]. Such empirically grounded forecasts do not align well with most fast,

low-warming pathways in AR6, which rely on substantial levels of carbon capture and

removal [412], a potentially costly alternative. Accordingly, published estimates of the

probability of limiting warming below 2◦C remain quite low (∼5%) [177, 413]. These

findings raise critical questions: which AR6 scenarios are consistent with historically

validated deployment data? What do probable scenarios reveal about fossil fuel phase-out,

renewable deployment, and warming outcomes? Do alternative socio-economic assumptions

produce probable pathways? How do these scenarios compare to the full AR6 ensemble in

terms of net-zero timing and cumulative emissions?

We present a filtering framework that complements the AR6 scenario database. By

comparing each AR6 scenario to empirically grounded, probabilistic forecasts for solar PV

and wind electricity generation shares, we identify the subset consistent with historical

deployment data. The forecasts are derived from observed deployment patterns and are

independent of IAM outputs. Hence, any agreement or disagreement between the two is

therefore informative rather than circular. The framework is general and can accommodate

any distributional forecast and scenario ensemble. Here we apply it using recent, back-

tested S-curve forecasts [284] and all 1189 vetted AR6 scenarios [27]. We characterize how

scenarios consistent with forecasts differ in energy portfolios, fossil fuel phase-out timelines,

and warming outcomes.
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5.2 Methods

5.2.1 Approach

We filter the AR6 scenario ensemble to a smaller subset consistent with the historical growth

trajectories of the combined solar PV and wind electricity generation share, retaining the

structural diversity of scenarios from different integrated assessment models. We refer to

scenarios passing this filter as probable scenarios, and those that do not as improbable.

We apply the framework using back-tested S-curve forecasts for solar PV and wind [284]

and the 1189 vetted AR6 scenarios. We compare each scenario to the forecast distributions

and determine consistency at each time step (2030, 2040, . . . , 2100). The probable scenarios

provide a more empirically grounded and thus policy-relevant basis for analysing the energy

transition and assessing warming outcomes.

In determining whether a scenario is probable, we make no assumptions about other

technologies (nuclear, hydro, geothermal, fossil fuels with CCS, or CDR). Our analysis

focuses on solar PV and wind contributions, assuming that the combined solar PV and wind

electricity generation share provides a sufficient indicator of net-zero scenario achievability.

The forecasts are unconditional and based solely on historical generation data; our likelihood

estimates are therefore less reliable for scenarios that rely heavily on technologies other

than solar and wind.

5.2.2 Calculating electricity generation shares from AR6

scenarios

We calculate electricity generation shares directly from technology-specific secondary

electricity generation (SE) data in the AR6 database [27]. The AR6 database reports

technology-specific generation at the secondary energy level but lacks technology-specific
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final energy disaggregation. Since transmission and distribution (T&D) losses apply

uniformly across all electricity technologies, shares calculated at either level are identical.

See Appendix 5.7 for a derivation. For results using useful energy shares, see Appendix

5.12.1 for the calculation method and Appendix 5.13.5 for results.

5.2.3 Probable scenario identification

In our main analysis, we apply a binary likelihood criterion at each time step: a scenario is

either consistent with the forecast (probable) or not (improbable). For brevity in equations,

we retain the notation L (likelihood). Likelihood is determined by whether the scenario’s

combined solar and wind electricity generation share falls within the probability mass of

the forecast distribution. We then identify scenarios consistent across all time steps up to a

given year (e.g., 2050) and analyse this subset for insights into probable energy transition

trajectories. Alternative formulations (product likelihood, yearly likelihood), including

ranking and weighting of scenarios, and sensitivity analyses appear in Appendix 5.9.

We calculate scenario likelihoods based on the sum of solar and wind electricity

shares. Since the sum of two S-curves with different growth rates is not itself an S-curve

(see Appendix 5.10), we forecast each technology independently and sum the resulting

distributions. This approach allows technology trade-offs where over-performance in one

technology can compensate for underperformance in another, reflecting realistic transition

dynamics.

5.2.3.1 Likelihood measure

For scenario s at time t, we define the combined solar and wind electricity generation share

as Y
(s)
t = Y

(s)
solar,t + Y

(s)
wind,t. The distributional forecast for the combined share is

yt ∼ P(Ysolar,t + Ywind,t | historical data) (5.1)
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A scenario s is probable at time t when

L(Y
(s)
t ) = I

(
Y

(s)
t ∈ [y2.5t , y97.5t )

)
(5.2)

where y2.5t and y97.5t are the 2.5th and 97.5th percentiles of the forecast distribution at

time t, and I is the indicator function. That is a scenario is probable if it falls within the

95% prediction interval at time t (giving it value 1), and improbable if it lies outside that

region (giving it value 0). Equation 5.2 provides a single-year compatibility score. To

assess consistency across the full scenario trajectory (trajectory likelihood), we multiply

scores across time steps using

L(Y (s) | T ) =

∏
t∈{2030,2040,...,T} L(Y

(s)
t )∑

s

∏
t∈{2030,2040,...,T} L(Y

(s)
t )

(5.3)

Equation 5.3 constitutes our primary analysis: it identifies scenarios that maintain consis-

tency with the forecast across all time steps up to T . We classify a scenario as probable

when L(Y (s) | T ) = 1 (i.e., the scenario falls within the 95% prediction interval of the

forecast for all time steps up to T ), and improbable when L(Y (s) | T ) = 0 (i.e., the scenario

falls outside the 95% prediction interval for at least one time step). Appendix 5.9 and 5.13

present other methods and show results consistent with those presented in the main text.

5.2.3.2 Interpretation and alternative formulations

The trajectory likelihood in the main text is not a direct probability distribution over the

AR6 scenario set, but rather a binary classification based on alignment with the forecast.

Plausible trajectories not represented in AR6 fall outside the scope of this analysis. In

Appendix 5.9 we present alternative methods, one of which constitutes a proper conditional

probability over the AR6 scenario set under two conditions: (i) the forecast distributions

are well-calibrated, as demonstrated for the forecasts used in this paper by back-testing in
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Wagenvoort et al. [284]; and (ii) forecast errors are temporally independent across decades,

an assumption we adopt here.

5.3 Results

We present three main results. First, we present the probable vs improbable AR6 scenarios,

and how their solar+wind trajectories differ. We also compare the forecast to other

scenarios to showcase the usability of our tool beyond the AR6 scenarios. Second, we

examine the energy portfolio evolution and warming scenarios of probable vs. improbable

AR6 scenarios. Third, we investigate the shared socioeconomic pathways (SSPs), and their

relative representation in the probable vs full AR6 scenarios.

5.3.1 Probable vs. improbable renewable growth pathways

We compare the filtered set of probable and improbable AR6 scenarios based on wind

and solar electricity generation share (Figure 5.1). We also compare the distributional

forecast to other scenarios. The main text uses electricity generation shares as the primary

measure of solar and wind penetration. To test robustness, the Appendix presents results

using three complementary measures: electricity generation levels (PWh), which account

for differences in total electricity demand growth across scenarios, since high shares could

reflect low demand rather than high deployment (Appendix 5.13.4); useful energy shares,

which extend beyond the electricity sector to all end-use energy demand and account for

end-use efficiency losses (Appendix 5.13.5); and useful energy levels, (Appendix 5.13.6).

We also present results for alternative likelihood formulations including product and

trajectory likelihoods (Appendix 5.9), likelihood-weighted results, and a larger set of AR6

scenarios (Appendix 5.13). The core conclusions hold across all measures and formulations,

strengthening confidence that the distinction between probable and improbable scenarios
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is not an artefact of the choice of metric.

(a) Probable vs. improbable AR6 scenarios

(b) Comparison to other scenarios

Figure 5.1: Comparison of solar PV, wind, and solar PV + wind electricity generation for
probable (teal) and improbable (tan) AR6 scenarios. Historical data (black squares) shown
for 2020–2024. Forecast median (grey diamonds), median of all AR6 scenarios (purple),
median of probable scenarios (teal). (a–c) Progression of probable and improbable AR6
scenarios over time. Histogram indicates solar+wind electricity share in 2070 coloured by
surface warming. (a) Solar PV + wind (main method), and the disaggregation into (b)
Solar PV, (c) wind electricity shares. The number of probable scenarios decreases over
time to 337 in 2070. (d) Median probable scenario trajectories (teal) compared to IEA
scenarios (pink, cyan) and Way et al. transitions (yellow, red).

Our method filters the AR6 scenarios (Figure 5.1, median in purple) into a probable
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(teal) and an improbable (tan) set. The two sets do not overlap at the first year of

assessment (2030). Beyond this point, some scenarios that initially grow slowly may

accelerate and fall within the 95% prediction interval at a later stage; these are still

considered improbable. Similarly, scenarios that prescribe too-rapid deployment and then

plateau early are also excluded. Probable scenarios tend to generate between 75 and 85% of

solar + wind electricity by 2070 (median probable AR6 scenarios, teal). Most of those limit

warming to below 2◦C (green bars in histogram), some exceed 2◦C (red bars), while only 2

limit to below 1.5◦C (blue bars). The yearly likelihood methodology produces complete

distinct sets at every year (see Appendix 5.13). The number of scenarios decreases from

498 in 2030 to 337 by 2070. The discussion in Section 5.5 addresses the limitations of

statistical power for a lower number of scenarios.

Consistent with prior evidence of solar underestimation in IAM scenarios [28, 224],

most probable AR6 scenarios exhibit slower solar growth than the forecast, lacking the

approximately exponential growth characteristic of S-curves [36, 91]. Moreover, the median

of 1189 AR6 scenarios (purple) falls below the 10th percentile. For combined solar plus

wind electricity generation, most scenarios fall below the forecast median between 2040 and

2050: Probable AR6 scenarios and the forecast align until 2030, after which their growth

rates diverge–Probable AR6 scenarios level off while the forecast continues to grow.

For these forecasts, combined solar and wind share can reach 100% in a small fraction of

the distribution beyond 2050 (Figure 5.1b). This result comes from summing independent

forecast distributions rather than modelling them jointly; we discuss this choice and

alternatives in Appendix 5.10. Appendix 5.13 compares forecasts against scenarios weighted

by their combined solar and wind likelihood to validate our consistency measures.

The IEA net-zero by 2050 scenario [297] (pink) exceeds the median probable AR6

scenario trajectory (teal), closely tracking the forecast median for the next decade before

levelling off (Figure 5.1b). The IEA stated policies scenario [297] (cyan) falls well below the
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median of probable scenario trajectories and even below the 10th percentile throughout,

indicating that current policy ambition alone is insufficient to match historically grounded

deployment rates.

The Way et al.[29] fast transition (yellow) and slow transition (red) straddle the median

probable scenario trajectories until 2050, after which the slow transition intersects it. Both

straddle the forecast median, with the fast transition tracking it reasonably well. These

scenarios are conditional forecasts projecting cost declines via Wright’s Law given an

assumed deployment trajectory. That probable AR6 scenario trajectories lie between the

fast and slow transitions confirms their consistency with plausible cost-based projections

of the energy system.

5.3.2 Energy portfolio evolution

We now examine how the set of probable scenarios translates into the global energy portfolio

mix, warming and net-zero. Figure 5.2 compares probable and improbable AR6 scenarios.1

Table 5.5 in Appendix 5.13.2 provides statistical comparisons between probable, improbable,

and all AR6 scenarios for each variable and time point. See Appendix 5.13 for additional

variables, including global GDP and population.

Probable scenarios measured in shares limit what we can say about the total growth in

solar + wind. High shares may be due to limited energy demand growth, as opposed to high

deployment. To address this, we also analyse electricity generation levels in Appendix 5.13.4

and useful energy shares and levels in Appendices 5.13.5 and 5.13.6; results are consistent

across all measures. Nonetheless, probable scenarios measured in shares project a significant

increase in total electricity generation from 2030 onward: generation nearly triples to a

median of 90 PWh by 2060, compared to 31 PWh in 2024 [210]. Fossil fuel electricity

shares fall to near zero in the median over the same period, while solar and wind rapidly

1Alternative formulations (product likelihood 5.9.3, trajectory likelihood 5.9.1) and detailed
results in Appendix 5.13.
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Figure 5.2: Boxplots comparing probable (teal) to improbable AR6 scenarios (tan).
Boxplots show median, 25th and 75th percentiles, and 10th and 90th percentiles. Stars
indicate significant differences based on Mann-Whitney U test. Grey box-plots represent
AR6 scenarios in 2020 and 2025, with the red dot marking the 2024 observed levels. (a)
Total electricity generation. (b) Fossil fuel electricity generation. (c) Solar and wind
electricity generation share. (e) Yearly carbon sequestration from CCS. (d) Blue hydrogen
(from fossil fuel incl. CCS) production (secondary energy). (f) Hydrogen production from
solar (secondary energy).

become the dominant sources, reaching a median share of ∼75% by 2050.

Both probable and improbable scenarios project similar CCS growth up to 2060, after

which probable scenarios deploy less CCS while improbable scenarios rely more heavily

on it to achieve net-zero. CCS therefore plays an important role across both subsets.

Results are similar for alternative formulations (product and trajectory) in Appendix 5.13,

though the difference in CCS deployment between subsets is more pronounced for the
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weighted trajectory likelihood. For hydrogen production, both subsets show comparable

blue hydrogen production up to 2070, but probable scenarios show significantly higher

renewables-based hydrogen production. Data limitations produce a systematic decrease in

hydrogen production from both fossil fuels and solar PV in probable scenarios after 2070.

These energy portfolio patterns are consistent when assessed using electricity generation

levels (Appendix 5.13.4) and useful energy shares and levels (Appendices 5.13.5 and 5.13.6),

although the timing at which CCS deployment diverges between subsets varies slightly

across measures.

5.3.3 Net-zero timing and emissions budgets

We compare the distribution of net-zero year, emissions and surface warming of probable

and improbable scenarios (Figure 5.3).

Figure 5.3: Boxplot comparing climate outcomes for probable (teal) and improbable
(tan) AR6 scenarios. Boxplots show median, 25th and 75th percentiles, and 10th and 90th
percentiles. Stars indicate significant differences based on Mann-Whitney U test. Grey
box-plots represent AR6 scenarios in 2020 and 2025, with the red dot marking the 2024
observed levels. (a) Distribution of net-zero year for probable (teal) and improbable (tan)
AR6 scenarios. (b) Distribution of cumulative CO2 emissions to net-zero for probable and
improbable AR6 scenarios. (c) Surface warming and probability of limiting warming to
below 2◦C for probable and improbable AR6 scenarios.
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10% of probable scenarios reach net-zero before 2050, with the median net-zero year

occurring in 2068. Other metrics yield slightly earlier median net-zero years (2050 for

product likelihood shown in appendix 5.13) with a higher proportion of scenarios reaching

net-zero before 2050 (18% for non-binary trajectory likelihood, shown in appendix 5.13).

These results suggest that while net-zero by 2050 is possible, it is not the central outcome

implied by the probable AR6 scenarios.

Probable scenarios reduce CO2 emissions immediately, placing the majority below 2◦C

warming budgets (> 80%). Some probable scenarios still reach nearly 2.5◦C; understanding

the characteristics of these scenarios could help identify potential risks and mitigation

opportunities. Moreover, nearly no scenarios limit warming to below 1.5◦C, consistent with

observations that global warming may have exceeded 1.5◦C in 2024 [414]. Some overshoot

and return to 1.5◦C with help of CCS. Hence, while probable scenarios indicate limited

warming, especially extreme warming, they also indicate that additional efforts are required

to limit warming well below 2◦C, and achieve net-zero by 2050. These climate outcomes

are robust across all complementary measures: probable scenarios limit warming to below

2◦C with > 80% probability whether assessed using electricity generation shares, levels, or

useful energy (Appendices 5.13.4, 5.13.5, and 5.13.6), while median net-zero year shifts

only marginally across measures.

5.3.4 From Shared Socioeconomic Pathways to policy-

relevant mitigation pathways

Since AR5, many climate mitigation scenarios have applied one of the five Shared Socioeco-

nomic Pathways (SSPs), developed to support integrated climate research across the IPCC

Working Groups [415]. The SSPs represent different socioeconomic futures (e.g. GDP

growth, population growth, consumer attitudes towards renewables) and are designed to
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capture the uncertainty of our complex global socio-economic system, describing worlds

with varying challenges to mitigation and adaptation [415]: SSP1 (sustainability), SSP2

(middle of the road), SSP3 (regional rivalry), SSP4 (inequality), and SSP5 (rapid growth).

Most AR6 scenarios adopt SSP2 as their underlying set of socioeconomic assumptions

[27]. Figure 5.4 reveals a strong compositional bias: 91% of the 1189 vetted scenarios are

SSP2 scenarios, whereas the probable subset is more balanced across SSP1, SSP2, and

SSP5. This finding carries an important implication: not only SSP2 (middle-of-the-road)

pathways are consistent with historical deployment data; high economic and renewable

growth scenarios (SSP5) are equally consistent. Meanwhile, SSP3 (regional rivalry) scenar-

ios are barely represented in the probable subset—not because such futures are impossible,

but because historical solar and wind growth patterns are inconsistent with a regionalised

rivalry scenario. This uneven representation reflects a structural limitation of the AR6

ensemble rather than a conclusion about SSP3’s impossibility. Future scenario development

should actively explore a wider range of socio-economic assumptions, particularly SSP1

and SSP5, to test the boundaries of uncertainty and avoid inadvertently embedding SSP2

as the de facto baseline.

Given the limitations of SSP application, the AR6 report focuses on a small number

of illustrative pathways (IPs) that highlight key mitigation-strategy themes [27]. The

AR6 WGIII report features seven IP scenarios: two high-warming scenarios under current

policies, CurPol [416] and ModAct [417], and five illustrative mitigation pathways—IMP-

Ren [418], IMP-Neg [416], IMP-LD [68], IMP-GS [419], and IMP-SP [420]. These IPs are

purely illustrative; no assessment of their likelihood is implied [421]. They highlight the

implications of different societal choices for future emissions and sectoral transformations,

drawn from scenarios that passed a second vetting process for plausible near-term trends

such as CCS levels in 2030 [422]. We compare these IPs to the probabilistic forecast to

assess alignment and to tease out the implications of the societal choices they embody.
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Figure 5.4c compares seven mitigation pathways to the probabilistic forecast for solar,

wind, and combined solar plus wind electricity generation shares. Figure 5.4c shows that

(a) SSP scenario likelihoods (b) Models consistent with historical growth pat-
terns

(c)

Figure 5.4: (a) Share of Shared Socioeconomic Pathway (SSP) scenarios in AR6. Grey:
proportion of each SSP. Light green: percentage within the SSP group probable in 2050.
Blue: percentage probable across the full trajectory to 2050 (consistent in 2030, 2040, and
2050). (b) Bar chart of IAM models, ordered by the proportion of their scenarios that
are probable.2. row Comparison of 7 illustrative mitigation pathways (5 fast transition
in blue and 2 current policy in red)to the probabilistic forecast for solar + wind, solar,
and wind electricity generation shares. Shaded regions show 80% prediction interval (10%
steps). Red lines indicate high-warming scenarios; blue lines indicate illustrative mitigation
pathways.

solar shares for each IP fall well below the forecast median from 2030 onward, except IMP-

Ren, which tracks the median reasonably well. The current policy (red) scenarios fall below

the 5th percentile. Wind shares exceed the forecast median for all mitigation pathways

except current policy scenarios, which again fall below the 5th percentile. Combined solar
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plus wind shows that illustrative mitigation pathways (blue) tend to lie within the 80%

prediction interval, while current policy scenarios fall below the 10th percentile throughout.

Three illustrative pathways—IMP-Ren, IMP-LD, and IMP-SP—show faster near-

term growth than the forecast median but eventually track the forecast reasonably well.

Mitigation pathways (blue) tend to project higher wind growth and lower solar growth

than the forecast median. The two current policy scenarios (red) fall well below the 10th

percentile for both solar and wind, indicating that current policy ambition does not match

historically grounded deployment rates.

IMP-Ren is the only IMP that tracks the forecast median for solar, which assumes rapid

solar deployment as the primary transition driver [418]. As of 2040, for combined solar plus

wind, all 5 IMPs (blue) fall within the 80% prediction interval. This does not mean they all

deploy similar levels of solar and wind generation. Appendix 5.13.4 compares the absolute

electricity generation levels of these pathways to forecasts of solar and wind generation

in PWh, showing that IMP-LD (low demand IMP) deploys significantly less solar and

wind generation than the forecast median, while IMP-Ren (renewables-focused IMP) and

IMP-GS (general sustainability IMP) deploy significantly more. This highlights that similar

shares can arise from different combinations of deployment and demand growth.

Most IMPs deploy limited CCS compared to the wider AR6 ensemble, except IMP-NEG,

which focuses on negative emissions technologies. IMP-GS deploys a moderate amount

of CCS (approximately 5 GtCO2/yr by 2070). IMP-Ren deploys less than 3 GtCO2/yr

at net-zero, aligning well with the probabilistic forecast. IMP-LD and IMP-SP deploy

negligible CCS yet remain probable pathways.

WITCH and REMIND are by far the two models that generate scenario trajectories

most consistent with the forecasts (Figure 5.4b). Approximately 60–70% of scenarios from

these models are probable with historical growth patterns of solar and wind. TIAM is also

reasonably represented, while other models mostly generate improbable scenarios. This
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raises the question of what characteristics of these models lead to more (or fewer) probable

scenarios.

5.4 IAM constraints on energy transitions

Creutzig et al. [28] identify a number of reasons for why IAMs have underestimated the

potential of solar energy in their decarbonization scenarios. Most IAMs promote climate

action through the use of carbon pricing as a proxy for all possible climate policies, which

fails to capture the technology-specific policies and personal preferences of customers that

have promoted solar over other technologies. The IAMs were also overly optimistic about

the costs and potentials of alternative low-carbon technologies, such as carbon capture and

storage and nuclear power.

They also point to the fact that solar has experienced a higher learning rate than

expected in the models. The majority of the IAMs do apply endogenous technological

learning (ETL) to capture such learning rates for a number of energy generation technologies

(AIM and GCAM are exceptions). ETL is a modeling technique designed to replicate the

empirical relationship between the cost of technologies and the cumulative investment in

that technology, whereby the costs of a technology decline with cumulative experience -

i.e. experience curves or learning rates [30]. A model run with ETL is very likely to select

technologies with high learning rates, and will invest heavily in these technologies quite

early on (depending on how myopic the models are), unless they are prevented from doing

so by constraints [423].

We would contend that insufficiently high learning rates for solar do not fully capture

what restricts the endogenous growth of solar PV in the IAM modeled scenarios. We also

need to examine the many constraints imposed on the deployment and cost declines placed

on solar. Constraints we have identified for solar and wind come in many forms, including
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’floor costs’ on technologies, build-rate constraints, deployment constraints, and integration

constraints. Table 5.1 provides an overview of how each of the IAMs generally utilise such

constraints and whether we see evidence of their use in the AR6 scenarios.

Floor costs are potentially the most common, although it is difficult to tell with any

accuracy how much they are used, as documentation of their nature and explanation of

their application are not as clear as would seem prudent in such high-impact modelling

efforts. Way et al. [29] presented graphically some of the documented floor costs applied

in IAM modeled scenarios in AR6 and previous assessment reports, showing how they

have been routinely revised as actual costs have been driven below the original floor costs

- suggesting such constraints have had questionable justification, and have been applied

too conservatively in the past. Looking for potentially undocumented floor costs in the

AR6 database (Table 5.1), we found that many models still hold solar PV capex costs

well above their current global average levels of $500/kW in 2023 [424]. Furthermore, the

problem appears to go beyond the use of floor costs, with even the most recent studies

using quite obsolete or very conservative cost values for solar and wind [400].

Build constraints in the IPCC IAMs are also not well documented, but evidence suggests

some scenarios do limit how quickly modular technologies like solar can scale globally. For

example, the CurPol, NDCplus, Bridget, 2Deg2020, and 2Deg2030 scenarios, in the AR6

scenarios produced using each of the major IAMs (AIM, IMAGE, MESSAGEix, POLES,

REMIND, TIAM, WITCH and COFFEE), as well as the IMP-GS illustrative mitigation

pathway, utilize a stated build limit whereby ”the increase of the share of renewables in

total electricity generation per year (starting in 2020, until 2050 and up to 50 %, maximum)

cannot exceed a 1.4%-point increase per year” [419]. This constraint is problematic in

hindsight given the growth of renewable’s share in total electricity generation has exceeded

1.5% since 2022 [425] and the median forecast exceeds this constraint in virtually every

year from 2025 to 2040, reaching their self-imposed 50% maximum as quickly as 2034.
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Deployment constraints include economic constraints or macroeconomic feedbacks,

constraints based on regional resource availability or the technical potential on solar and

wind, and adjustment costs that limit how fast technologies can ramp up or down. These

constraints can be quite subtle and difficult to detect. For example, Jenkins et al. [426]

found that some MESSAGE-GLOBIOM 1.0 scenarios deployed what appear to be non-

optimal amounts of carbon sequestration technologies given the carbon price regimes they

applied, despite the model applying cost-optimization. This suggested the IAM algorithm

was constraining clean-technology deployment more than build-rate restrictions could

explain (e.g. the model did not begin to build CCS early enough for what was required in

later decades, suggesting a lack of perfect foresight in its optimization was the constraint).

Integration costs can also limit deployment of variable renewables in some models. Such

constraints are an attempt to mimic the problems electricity networks might have deploying

transmission, ancillary or storage infrastructure to balance the intermittency of renewables.

Fortunately, integration costs have been the subject of an inter-model comparison project

[407] which has resulted in updates to infrastructure investment and curtailment equations

and parameters in many IAMs. For instance, AR5 versions of REMIND used simplified

methods to approximate VRE integration limits. Recent improvements documented in

Ueckerdt et al. [427] led to much greater uptake of renewables in REMIND scenarios in

AR6 (relative to AR5). The REMIND model is now responsible for the majority of high

VRE deployment scenarios.

As mentioned previously, the AIM and GCAM model do not use ETL but instead uses

exogenous technology cost trajectories and ”share-weighted” logit decision formulations

for energy technology market share. As shown in Table 5.1 AIM and GCAM are still

susceptible to some of the same constraints as the ETL models, especially the use of

outdated costs. They also have an additional avenue for constraint in that the logit choice

approach means that even if one technology is cheapest AIM and GCAM will still allocate
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some shares to legacy alternatives. This approach is designed to mimic varying regional

and consumer preferences, which are relevant, but could result in unrealistic constraints

on highly disruptive technologies like solar PV, which has dominated new global energy

investments in recent years.

Finally, many IAMs can apply relatively high discount rates ( 3− 5%) which make high

capex, low opex investments like wind and solar less attractive in near-term years [428]. If

such delays in deployment lead to an overshoot of the scenario climate goal, future carbon

removal technologies like Bioenergy with Carbon Capture and Storage (BECCS) are more

likely to be used to meet climate targets [429]. Compounding this problem is that many

such scenarios allow deployment levels of BECCS that exceed independent estimates of

the global BECCS potential as derived from literature reviews [430] and expert elicitation

[431].

5.5 Discussion

Three key insights emerge from this analysis. Firstly, probable scenarios — those aligned

with observed solar PV and wind deployment trends — feature rapid decarbonisation

and high electrification. Secondly, solar PV and wind play a dominant role in enabling

low-warming futures within the probable subset; CCS retains a role but to a lesser extent

than in the full AR6 ensemble. Finally, provided non-energy-related emissions are also

sufficiently mitigated, warming will very likely remain below 2◦C.

In terms of representing the growth potential of renewables, AR6 is a clear improvement

on AR5, but we believe the scenarios in AR6 still inadequately represent technological

change and innovation dynamics [24, 28, 29]. Many employ endogenous technological

learning but impose exogenous ad hoc constraints on solar PV growth, such as floor

costs, deployment caps, and build limits that do not appear well justified. This leads to

312



IAM Floor costs or overly conservative
costs on VRE

Build-Rate
Constraints

Deployment Con-
straints

Integration / Flexi-
bility Handling

AIM/CGE Most AR6 AIM scenario appear to have
a USD2010 $1,287 floor cost on solar and
$1,838 on onshore wind in 2050

Logit-based
market share
allocation [432],
limits to capital
stock turnover,
build limits on
new technolo-
gies

Economic/resource con-
straints only

Assumes smooth inte-
gration each period, ex-
ogenous storage invest-
ment based on VRE-
shares

GCAM GCAM does not employ ETL but in most
AR6 GCAM scenario the cost of solar capex
does not go below USD2010 $1,421, or
below $1,878 for onshore wind, or below
$1,611 for offshore wind after 2050

Logit-based
market share
allocation, cap-
ital turnover
limits

Technology lifetimes
and S-curve retire-
ments; regional re-
source availability and
policy levers

No diurnal or seasonal
resolution in power, so
instead imposes an ’in-
tegration cost’ to VRE
generation as penetra-
tion rises

IMAGE No AR6 IMAGE scenario has USD2010
solar capex costs lower than $2,500, or on-
shore wind lower than $6,690, or offshore
wind lower than $20,000

Maximum
market share
growth param-
eters, turnover
constraints on
power plants

Resource/technical
potentials; integration
cost penalties; policies
bound expansion

integration costs based
on electricity capacity
and modelled with ex-
ogenous storage invest-
ment based on VRE-
shares

MESSAGEix
(MESSAGE-
GLOBIOM)

No technology costs for MESSAGE scenar-
ios provided in AR6 database

Capacity addi-
tion constraints
per timestep,
dynamic
constraints on
diffusion [433]2,

Resource/technical po-
tentials; policy con-
straints (caps, phase-
outs)

Transmission/storage
in optimization, stor-
age driven by capacity,
flexibility equation and
VRE-curtailment [407]

POLES No evidence of floor costs for POLES sce-
narios in AR6 database but the floor cost
of USD2010 $570 mentioned in [434] are
never reached

Investment rate
and planning
limits, technol-
ogy penetration
ceilings

Annual capacity plan-
ning and load-curve
simulation; renewable
potentials

Detailed operational
model via load seg-
ments and planning
rules, only within-day
storage based on repre-
sentative days [407]

REMIND No floor costs found for REMIND in AR6
scenarios but they are an option mentioned
in the REMIND documentation [435]

Limits on an-
nual capacity
additions

Endogenous invest-
ments with adjustment
costs on capex to pe-
nalise rapid ramp-up or
ramp-down of technolo-
gies, capital market
imperfections such
as limits on regional
growth in debts [436]

Hourly dispatch and
price-feedbacks via DI-
ETER coupling; aggre-
gated grid integration
costs based on VRE
share [407]

TIAM For TIAM scenarios in AR6 the solar capex
costs appear to hit temporary limits of
USD2010 $220 from 2060 to 2090, $460 for
offshore wind and $639 for onshore wind
from 2060-2090

explicit maxi-
mum annual ca-
pacity growth
constraints

investment flow con-
straints

Grid caps, VRE pen-
etration and storage
rules, transmission ex-
pansion tiers

WITCH Most WITCH AR6 scenarios appear to
have a USD2010 $277 floor cost on capex
of solar,$639 on onshore wind, and $407 on
offshore wind by 2060

Capital stock
turnover limits

Technology-specific
flexibility coefficients
enforce feasible VRE
mixes

Aggregated grid inte-
gration cost markups
based on total capacity
and VRE share [407]

Table 5.1: Comparison of build-rate and deployment constraints, grid integration handling
and floor costs employed in selected AR6 IAMs.

systematic exclusion of rapid-deployment pathways that historical data support. Such

constraints have not been as readily applied to CCS technologies in AR6, which probably

explains why the improbable scenarios deploy CCS at a significantly greater scale as

of 2060, than the probable subset. Ironically, it may be that the lack of evidence for

learning on CCS [437] that explains this asymmetry: low learning rates mean CCS does

not dominate cost-optimising models in the way solar PV does and therefore does not need

such constraints.

We recognize that many of the constraints placed on the deployment of solar in the
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IAMs reflect phenomena that can be very real. However, the modelling community’s

attempts to model in detail the many highly complex real world phenomena that drive and

constrain the deployment of energy technologies appear to have resulted in systemic biases.

Such constraints need to be applied more transparently, and with recognition of their

uncertainty, and options that might mitigate such challenges need to also be considered

[438]. Comparatively simple models, such as that developed for Way et al. [29], have

effectively demonstrated the perils of overusing ad hoc constraints that do not eventuate

[410]. Such simpler models, particularly those based on long-term empirical trends [30],

should be utilized more diligently to test the more complex IAMs for such systemic biases

[406].

The AR6 scenarios are not produced as part of a coordinated controlled experiment,

and so do not represent a random statistical sample; nor do they fully explore the space of

possibilities. The AR6 database was assembled for a number of reasons including providing

a comparable, transparent, harmonized, and common collection of modelled scenarios.

They are generated by a wide community running independent experiments, and the

database owners aim to be as inclusive as possible. While such inclusiveness is laudable, it

has allowed a strong bias to develop in the ensemble. Our results suggest far more scenarios

incorporating higher solar PV growth rates are needed to better represent historically

supported pathways. The set of AR6 scenarios used for the WGIII report only vet for

some historical inconsistencies [422] and too many of the AR6 scenario set omit rapid-solar

pathways due primarily to ad hoc growth constraints on solar, and many exhibit nearly

linear growth trajectories despite historical evidence that technological change follows

S-curve dynamics [36, 91, 292, 439–441].

Concurrently, scenario developers should strive to have AR7 better represent the socio-

economic uncertainty embodied in the full range of the Shared Socio-economic Pathways

(SSPs), and the IPCC authors are aware of the non-statistical nature of the scenario
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ensemble [442]. However, some coordination effort seems prudent given the problems we

have unearthed in our analysis. Pirani et al. [443] recommend some form of scientific and

technical oversight and an expanded coordination effort for AR7, including a community

vetting process and automated checks for quality control. This may not be sufficient unless

there is a clear purpose and guiding principles for vetting the collection to ensure a spread

of scenarios that better represent our current knowledge and uncertainty. Some 91% of

the AR6 scenarios apply the same SSP2 middle-of-the-road set of exogenously defined

projections of population, GDP, and other major energy-demand drivers. The IMPs only

apply two of the SSPs, with IMP-GS applying SSP2, and IMP-LD, IMP-Ren and IMP-SP

applying SSP1, (IMP-Neg is not associated with an SSP). SSP1 has almost half the energy

demand of SSP5 in 2100 [421]. This clearly means the AR6 scenarios, and the IMPs, do

not adequately test the boundaries of socio-economic uncertainty, which in turn provides

less utility for decision-makers seeking to test the resilience of their strategies to such

uncertainty, and reduces the utility of forecasting frameworks such as the one presented in

this work, to explore what such forecasts might mean for the future.

The probable subset spans SSP1, SSP2, and SSP5, indicating that high economic

growth (SSP5) and sustainability-focused (SSP1) futures are both consistent with observed

solar and wind growth trajectories. This is a meaningful finding: scenario modellers should

not treat SSP2 as a de facto empirical baseline. A richer exploration of SSP1 and SSP5

assumptions in AR7 would improve the utility of the ensemble for decision-makers and

allow this kind of tool to more fully characterise socio-economic uncertainty. A better

representation of the full range of SSPs would improve our understanding of the implications

of socio-economic uncertainty for future energy transitions and warming outcomes. For

example, the Way et al. [29] fast transition (shown in Figure 5.1b) applies energy demand

growth similar to SSP5 but still achieves full decarbonisation in line with the Paris goals,

demonstrating that decarbonisation does not require curtailing economic growth and could
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succeed even under demand rebound if solar costs continue their long-term decline.

Our approach has inevitable limitations given the complexity of what is being modelled.

Most importantly, we assume that the share of solar PV and wind in future electricity

generation is sufficient to characterise the likelihood of all transition scenarios (see Methods

5.2 for technical details). While solar and wind are the fastest-growing low-carbon electricity

sources with growth that is correlated to decarbonization rates [28], we do not explicitly

model electrification of end-uses, GDP growth, or population changes. We rely instead

on aligning our forecasts with scenarios incorporating these factors, assuming that solar

and wind growth likelihood is consistent with the associated plausible trajectories in the

AR6 database. Despite the AR6 vetting process, most AR6 solar projections fall below the

2.5th percentile of the forecast distribution (see Figure 5.1), indicating that the majority

of scenarios fail to capture solar’s growth potential. This makes our estimates of net-zero

year and cumulative emissions conservative. For instance, the median CCS deployment in

the probable subset could be lower than our results suggest if the AR6 ensemble included

more scenarios with rapid solar and wind growth, rather than relying on CCS to achieve

net-zero.

We present a range of likelihood formulations with different mathematical foundations

and show they yield qualitatively similar results. The choice of method may depend

on the specific research question and desired granularity. For example, if the goal is to

assess a scenario with high solar PV growth but low wind growth, a product likelihood

requiring both technologies to independently fall within the prediction interval may be more

appropriate. The framework can accommodate alternative forecasts methods, whether

from S-curve models, expert elicitation, or machine learning, can be applied to other

technologies or other scenario ensembles (e.g. AR7, IEA) to explore counter-factuals such

as what would happen if solar and wind deployment halted.

In some cases it may be better to analyse useful energy shares as opposed to electricity
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generation shares, as the former provides a more holistic overview of the energy system,

including hard-to-electrify sectors such as industry and transport. Appendix 5.12 provides

a method for calculating useful energy shares from AR6 scenarios, and Appendix 5.13.5

provides results using useful energy shares.

Shares can convey the relative importance of different technologies in the energy mix,

but do not say how much energy demand grows by. That is, a scenario can have a high

renewable share simply due to an assumed decrease in energy demand. Levels can provide

insights into the absolute scale of deployment. In some cases (such as SSP1) the growth

in energy demand is low so that while shares are high, levels are not as high as in other

scenarios (such as SSP5) where energy demand grows rapidly. If the goal is to understand

investment risks for a high solar PV and/or wind growth scenario, it may be better to

measure likelihood in levels rather than shares, as the former may be more directly related

to investment decisions. We present our method applied to useful energy levels in Appendix

5.13.6.

The main analysis employs a binary consistency criterion (Eq. 5.2 and 5.3) to determine

whether a scenario is consistent with the forecast up to a given year. This approach

identifies probable scenarios across a given trajectory, but does not provide a direct

probability distribution over the AR6 scenario set. Alternative formulations, such as

a product likelihood requiring both solar and wind to be individually consistent, yield

similar qualitative results with fewer scenarios classified as probable (see Appendix 5.9).

Additionally, the trajectory consistency criterion assumes temporal independence across

decades and evaluates only fixed AR6 trajectories, not hybrid paths. The main analysis

treats all probable scenarios equally rather than weighting by likelihood values (Appendix

5.9.2), though alternative formulations yield qualitatively similar results (Appendix 5.9).

Finally, our results are conditional, not unconditional forecasts. They rest on three

key conditions: (i) solar PV and wind deployment continues along historically established
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diffusion trajectories and is not derailed by, for example, trade barriers, critical mineral

shortages, or sustained policy reversals; (ii) non-energy-related emissions (land use, industry,

agriculture) are also sufficiently mitigated; and (iii) the underlying forecasts remain well-

calibrated, as demonstrated by back-testing across multiple technologies [284]. If any of

these conditions is violated, the warming and net-zero outcomes we report would shift

accordingly. Our results therefore represent empirically grounded probability estimates

rather than absolute predictions of future energy transitions.

5.5.1 Future research

The probabilistic framework presented here is a first attempt to estimate transition

trajectory likelihoods from historical data and scenario analysis. It relies on the deployment

of solar and wind to determine likelihood of scenarios that include a broad range of

technologies. The forecasts applied here [284] have limitations and could be improved

(e.g. through the application of Bayes Model Averaging to better represent S-curve model

structure uncertainty). Because the framework is forecast-agnostic, improved or alternative

forecasts — whether from updated S-curve models, machine-learning approaches, or expert

elicitation — can be substituted directly. We therefore encourage future research to

expand and improve on this approach, including adding other promising technologies to

the likelihood determination, such as energy storage, and energy efficiency efforts, or even

including trends that show predictive strength such as grid infrastructure build out rates,

fossil fuel phase-out rates, or electrification rates. For example, energy networks based on

molecules, such as geothermal power [444], and thermal energy networks for heating, could

prove highly cost effective and gain momentum even in a highly electrified future. If such

technological solutions are not included in the calculation of scenario likelihood employed

here, the framework will produce likelihoods that are biased against scenarios that employ

them at any significant scale.
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Expanding from scenario-based to fully probabilistic analysis could also provide new

insights for policymakers and investors on optimal strategies to achieve net-zero emissions,

limit warming, and promote sustainable economic growth. Moreover, calculating probabili-

ties for pathways allowing for combinations of scenarios could yield a more nuanced and

complete understanding of probable transition trajectories. This would require developing

methods to combine scenarios while maintaining consistency with empirical data and

forecasts, representing a promising avenue for future research.

5.5.2 Concluding remarks

Our approach complements IAMs. Scenario models identify which futures are technically

feasible given policy interventions and behavioural change. Empirical forecasts assess

which of those futures are historically plausible. IAMs can model policy discontinuities,

structural breaks, and technology interactions that S-curve forecasts cannot capture, while

forecasts provide empirical grounding and uncertainty quantification that IAMs currently

lack. Together, the two identify futures that are both technically feasible and empirically

supported.

Probable scenarios limit surface warming to below 2◦C with > 80% probability and

almost certainly to below 2.5◦C — well below the 4◦C that some AR6 scenarios suggest.

Net-zero is likely to be achieved before 2068, with a 10% probability by 2050. While these

findings are conditional on latest state-of-the-art methods for forecasts, they indicate that a

fast transition from fossil fuels to renewable energy is both necessary and achievable within

the remaining carbon budgets [445–447]. Further, it demonstrates the need for additional

policies to ensure that we reach net-zero by 2050, and limit warming to well below 2◦C.

For the IAM modelling community, the analysis exposes systematic bias in the most

recent scenario ensemble. Just as biased pessimism may discourage ambition, the finding

that rapid deployment is empirically likely could become self-reinforcing. Forecasts can
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shape the expectations that produce outcomes, and this performativity should be acknowl-

edged; corrections to any systematically pessimistic anchor are encouraged. High-warming,

low-solar pathways are over-represented in the ensemble, particularly for solar PV where

median forecasts predict up to twice the deployment of median probable scenarios. In the

probable subset, fast, low-warming energy transitions represent the central tendency. We

offer this framework as a diagnostic that can improve scenario utility and provide a more

grounded foundation for the urgent decisions that will shape the global energy system and

the world’s climate for decades to come.

For policymakers, our findings send a clear message: to decarbonise our energy systems

the policies that have encouraged the deployment of wind and solar have been more

successful than many realize. But the optimism of our results depends on such efforts

continuing. Policymakers should continue to prioritise dismantling any barriers to rapid

solar PV and wind deployment. Much of our heating, cooling, and transport will need

to be electrified for a deeply decarbonised future, and an abundance of cheap solar and

wind energy will likely be central to making this cost-effective, alongside the necessary

grid infrastructure and energy storage investments. The fact that our forecasts, and those

of others [29, 440], indicate that deep renewables penetration is not only possible but

empirically grounded, should embolden policymakers to act accordingly.
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Supplementary Methods

5.6 Overview of Likelihood Methods

This appendix describes all likelihood methods used in this study and their mathematical

formulations. Table 5.2 provides a summary of the nine methods (M0–M8) examined. M0,

the binary trajectory likelihood applied to the sum of solar and wind electricity generation

shares, is the primary method presented in the main text (Section 5.2). Methods M1–M3

are binary variants that differ in time scope (yearly vs. trajectory) and technology criterion

(sum vs. product). Methods M4–M8 use continuous probability-based likelihood scores

rather than binary classification, enabling ranking and weighting of scenarios by their

consistency with empirical forecasts. Electricity shares do not account for changes in total

electricity generation, which may differ across scenarios. To address this, we also apply M0

to electricity generation levels (Section 5.11). Electricity generation only describes a portion

of the energy system, so we apply M0 to useful energy shares and levels (Section 5.12).

All energy measures yield qualitatively similar results, indicating that the main findings

are robust to the choice of energy metric and likelihood method.

The following sections detail: the equivalence of secondary and final electricity shares

(Section 5.7); derived probability distributions used for downstream analysis (Section 5.8);

the mathematical formulation of each alternative likelihood method M1–M8 (Section 5.9);

a proof justifying independent S-curve forecasting (Section 5.10); and the methodology for

calculating useful energy shares from AR6 data (Section 5.12).
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Table 5.2: Overview of likelihood methods. M0 is the primary method (main text). Time
scope: consistency required at each individual year (yearly) or across the full trajectory.
Technology criterion: solar and wind assessed jointly via their sum (permitting trade-offs) or
independently via their product (requiring both to be individually consistent). Weighting :
binary methods classify scenarios as probable/improbable; continuous methods assign
probability-based scores that can be used unweighted (likelihood > 0) or weighted (by the
likelihood value). The Probable (2050) column reports the number of vetted AR6 scenarios
(i.e. out of 1189) classified as probable for trajectories up/in to 2050. All methods use
electricity generation shares; M0 is additionally applied to useful energy shares and useful
energy levels as robustness checks.

ID Formulation Time scope Technology Weighting Probable (2050)

Binary likelihood (indicator function, Eq. 5.2)
M0 Trajectory (main text) Full trajectory Sum Binary 339
M1 Yearly Single year Sum Binary 592
M2 Trajectory product Full trajectory Product Binary 30
M3 Yearly product Single year Product Binary 65

Continuous likelihood (probability-based, Eq. 5.7)
M4 Trajectory Full trajectory Sum Unweighted 265
M5 Trajectory Full trajectory Sum Weighted 265
M6 Yearly Single year Sum Unweighted 569
M7 Yearly Single year Sum Weighted 569
M8 Trajectory product Full trajectory Product Unweighted 24

5.7 Secondary electricity and final electricity share

equivalence

For technology i in scenario s at time t, the electricity generation share is:

Shareeleci,s,t =
Esecondary

i,s,t∑
j∈elecE

secondary
j,s,t

× 100 (5.4)

where Esecondary
i,s,t is Secondary Energy—Electricity—i and the denominator sums over all

electricity technologies (solar, wind, hydro, nuclear, geothermal, biomass, coal, gas, oil).

This equivalence holds because T&D efficiency ηT&D cancels in the ratio:

Esecondary
i,s,t × ηT&D

s∑
j E

secondary
j,s,t × ηT&D

s

=
Esecondary

i,s,t∑
j E

secondary
j,s,t

(5.5)
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5.8 Derived probability distributions

We derive probability distributions for scenario characteristics (net-zero timing, warming

level, fossil fuel shares) using indicator functions applied to scenario likelihoods from

Eq. 5.7.

5.8.1 Net-zero probability

The probability of achieving net-zero before time T0 is

P (t < T0 | T0 <∞) =
∑
s

L(Y
(s)
t ) · I

(
T
(s)
0 < T0

)
(5.6)

where T
(s)
0 is net-zero year for scenario s and t is the analysis year.

5.8.2 Probabilities for all other metrics

The same approach is applied to all other metric or scenario characteristics. That is, for

any metric Xs (warming level, fossil fuel share, electricity generation): replace the indicator

with I(Xs < x).

5.9 Alternative Likelihood Formulations

The main text uses a binary trajectory likelihood formulation (M0) based on the sum of

solar and wind shares, treating all scenarios that fall within the 95% prediction interval of

the forecast distribution as equally consistent with empirical data. Binary variants of this

measure include yearly (instead of trajectory) and product (instead of sum) formulations

(M1–M3; see Table 5.2). This section describes three non-binary alternatives used in M4–

M8: (1) trajectory likelihood with likelihood measured as the probability mass between

two adjacent scenarios, (2) likelihood weighting, which weights scenarios by their likelihood
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values rather than treating all probable scenarios equally; (3) product likelihood, requiring

both technologies to be individually consistent.

5.9.1 Trajectory likelihood with scenario-adjacent probabil-

ity mass (M4, M5)

Likelihood of scenario s at time t is the probability mass between adjacent scenarios:

L(Y
(s)
t ) = P

(
Y

(s)
t < yt ≤ Y

(s′)
t

)
(5.7)

where s′ is the scenario immediately above s in combined share, excluding scenarios at the

distribution extremes (0th and 100th percentiles). To assess consistency across the full

pathway, we multiply scores across time steps using

L(Y (s) | T ) =

∏
t∈{2030,2040,...,T} L(Y

(s)
t )∑

s

∏
t∈{2030,2040,...,T} L(Y

(s)
t )

(5.8)

Equation 5.8 constitutes our primary analysis: it identifies scenarios that maintain consis-

tency with the forecast across all time steps up to T . We classify a scenario as probable

when L(Y (s) | T ) > 0.

5.9.1.1 Interpretation and alternative formulations

The trajectory likelihood can be considered to approximate a conditional probability

over the AR6 scenario set under two conditions: (i) the forecast distributions are well-

calibrated, as demonstrated by back-testing in Wagenvoort et al. [284]; and (ii) the historical

observations contain sufficient information about interdependence between solar and wind

Weighting these results yields proper probabilities conditional on AR6 scenarios, and the

technologies considered (in the case presented here, solar and wind).
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The ordering of scenarios in the unweighted trajectory likelihood may assign zero

likelihood to one scenario and non-zero likelihood to another even if both fall at the same

forecast percentile. This happens when scenarios ascribe virtually identical amounts of

solar and wind. Nevertheless, it admits a direct translation to a true conditional probability

measure, since the likelihood of a scenario is directly related to its forecast percentile.

To generate a best approximation of the probability distribution, one needs a sufficient

number of scenarios that are spread out across forecast distribution. Furthermore, for

future research, including more technologies and metrics, would further generate a better

approximation.

The binary trajectory likelihood, by contrast, is a coarser measure that classifies

scenarios as probable or inconsistent based on a threshold, without distinguishing among

scenarios within the consistent category.

5.9.2 Likelihood weighting (M5, M7)

Likelihood weighting applies to both trajectory (M5) and yearly (M7) formulations. For

a scenario characteristic Xs (e.g., cumulative emissions, warming level) at time t:

P(X < x) =
∑
s

L(Y
(s)
t )∑

s′ L(Y
(s′)
t )

· I(Xs < x) (5.9)

This reweights the distribution toward scenarios that better match the forecast. Likelihood-

weighted results are presented in Appendix 5.13.

5.9.3 Product likelihood (M2, M3, M8)

Product likelihood requires both solar and wind energy shares to be individually consistent

with their respective forecasts. Binary product versions are M2 (trajectory) and M3

(yearly); the non-binary version is M8. For technology i (solar or wind) with historical
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generation Yi,0:T and scenario s at time t as Y
(s)
i,t , the distributional forecast is:

yi,t ∼ P(Yi,t | Yi,0:T ) (5.10)

The cumulative distribution function for scenario s technology i at time t:

Fs,i,t = P
(
Y

(s)
i,t ≤ yi,t

)
(5.11)

Probability scenario exceeds forecast:

Qs,i,t = 1−Fs,i,t (5.12)

Likelihood of scenario s for technology i at time t (excluding extremes):

L (Ys,i,t) = Qs,i,t −Qs′,i,t (5.13)

where s′ is the scenario immediately above s: Ys,t < Ys′,t with no s′′ where Ys,t < Ys′′,t <

Ys′,t.

Normalized joint likelihood across both technologies for scenario s at time t:

L (Ys,t) =

∏
i L (Ys,i,t)∑

s

∏
i L (Ys,i,t)

(5.14)

Product likelihood imposes a more stringent filtering criterion than sum likelihood.

Under sum likelihood, scenario s is deemed probable if its combined solar and wind share

Y
(s)
solar,t + Y

(s)
wind,t falls within the forecast distribution for total renewable share. Under

product likelihood, both Y
(s)
solar,t and Y

(s)
wind,t must individually fall within their respective
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univariate forecast distributions. Formally, this requires:

Lproduct (Ys,t) > 0 ⇐⇒ L (Ys,solar,t) > 0 ∧ L (Ys,wind,t) > 0 (5.15)

This criterion substantially reduces the set of probable scenarios: only 24 scenarios

satisfy product likelihood for pathways to 2050, compared to 265 under sum likelihood. The

stringency arises from an empirical mismatch between forecast and scenario characteristics.

The distributional forecast P(Ysolar,t | Ysolar,0:T ), conditioned on recent historical data

exhibiting exponential solar growth, projects substantially higher solar deployment rates

than the typical AR6 scenario. Conversely, AR6 scenarios systematically allocate greater

relative deployment to wind, with median wind-to-solar ratios exceeding those implied by

the forecast. Consequently, product likelihood excludes scenarios with Y
(s)
wind,t/Y

(s)
solar,t >

(Ywind,t/Ysolar,t)forecast,median even when Y
(s)
solar,t + Y

(s)
wind,t aligns with the combined forecast

distribution. This creates a selection effect wherein scenarios satisfying product likelihood

exhibit dY
(s)
solar,t/dt more closely matching empirical trends, typically resulting in faster

overall renewable deployment and lower cumulative emissions to net-zero.

Product likelihood is theoretically justified when solar and wind deployment are

governed by independent constraints (e.g., distinct resource availability, separate policy

mechanisms, non-overlapping supply chains) such that underperformance in one technology

cannot be compensated by the other. However, this independence assumption may be

violated in energy systems exhibiting portfolio flexibility, technological substitutability,

and integrated renewable energy planning. The choice between sum and product likelihood

thus reflects assumptions about technological interdependence and system-level flexibility

rather than purely statistical considerations.
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5.9.4 Comparison and limitations

Product likelihood’s stringency may be excessive. Energy systems exhibit portfolio flexibility

where underperformance in one technology can be offset by over performance in another.

Requiring both solar and wind to be individually consistent eliminates scenarios that are

feasible but rely more heavily on one technology. For example, a scenario with exceptional

wind growth but moderate solar growth may be eliminated despite the scenario having a

combined deployment of the two technologies that is within historical growth patterns.

5.10 Analysing the sum of S-curves

We calculate the likelihood of AR6 scenarios by summing distributional forecasts for solar

and wind shares, then comparing this sum to the combined solar and wind shares in AR6

scenarios. This approach assumes that historical data contain sufficient information to cap-

ture correlations, substitutions, and competitive dynamics between these two technologies.

Wagenvoort et al. [284] use the Bertalanffy-Richards (B-R) curve

Qi(t) = Li/
(

1 + e−kiβ(t−t0i)
)1/β

(5.16)

with β = 2/3. We use the base-case B-R forecasting approach from [284], specifically

the shifted-origin variant without post-hoc widening of prediction intervals. Below we

show that the sum of two such curves with different growth rates cannot itself be a B-R

curve, justifying our approach of forecasting each technology independently and summing

distributions rather than fitting a single combined curve.
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5.10.1 The sum of two s-curves need not be a s-curve

Consider the B-R curve of the form f(t) = L/
(
1 + e−kβ(t−t0)

)1/β
for β > 0 (i.e. inflection

point exists). This is the solution to the ordinary differential equation

df

dt
= kf

(
1−

(
f

L

)β
)
. (5.17)

Let f1 and f2 be any two B-R curves with common β > 03 such that

dfi
dt

= kifi

(
1−

(
fi
Li

)β
)
, i = 1, 2. (5.18)

Define their sum S(t) = f1(t) + f2(t). Differentiating,

dS

dt
= k1f1 + k2f2 − k1

f1+β
1

Lβ
1

− k2
f1+β
2

Lβ
2

. (5.19)

Suppose S(t) were itself a B-R curve with parameters (k, L) and the same β. Then S

must satisfy

dS

dt
= kS

(
1−

(
S

L

)β
)
. (5.20)

Expanding the right-hand side,

dS

dt
= k(f1 + f2)−

k

Lβ
(f1 + f2)

1+β. (5.21)

For (5.19) and (5.21) to be equal for all t, we require:

1. Linear terms: k1f1 + k2f2 = k(f1 + f2) which implies k1 = k2 = k

2. Nonlinear terms: The expansion (f1+f2)1+β contains mixed terms like (1+β)fβ
1 f2

and (1 + β)f1f
β
2 that do not appear in (5.19). These cross-terms vanish only if

3This result extends to cases where β1 ≠ β2, and to sums of more than two curves by induction.
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f1(t)/f2(t) is constant for all t, which requires t0,1 = t0,2. That is, it requires the

two technology s-curves to have the same inflection point.

Therefore, S(t) is a B-R curve if and only if k1 = k2 and t0,1 = t0,2. Note that the

asymptotes L1 and L2 need not be equal. When k1 = k2 = k and t0,1 = t0,2 = t0, the sum

has the form S(t) = (L1 + L2)/
(
1 + e−kβ(t−t0)

)1/β
.

Since historical data show ksolar ̸= kwind [29, 210], the sum of solar and wind s-curves

cannot be represented as a single s-curve, justifying our approach of forecasting the two

technologies independently and summing the distributions. In our use case that means

sums can exceed 100%. We treat these as though solar PV and wind provide 100% of the

electricity generation.

5.11 Calculating electricity generation levels

The main text analyses electricity generation shares, which normalise for demand growth

but cannot distinguish whether high shares arise from rapid deployment or from low

total demand. To address this, we also compare AR6 scenarios to forecasts of absolute

electricity generation at the final energy level. This section describes how we calculate

technology-specific electricity generation in PWh (1 PWh = 1015 Wh) from AR6 data.

Methodology. For each electricity technology i in scenario s at time t, we convert

secondary energy to final electricity generation:

Efinal
i,s,t = Esecondary

i,s,t × ηT&D
s,t (5.22)

where Esecondary
i,s,t is the technology-specific generation reported as Secondary

Energy—Electricity—i (in EJ/yr), and ηT&D
s,t is the scenario- and year-specific transmission

and distribution efficiency.
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T&D efficiency determination. The T&D efficiency is calculated from the ratio of

aggregate final to secondary electricity:

ηT&D
s,t =

FE—Electricitys,t

SE—Electricitys,t

(5.23)

When this ratio is unavailable or implausible (> 0.95, indicating a data quality issue),

we use a default value of ηT&D = 0.87, representing the median global electricity T&D

efficiency. This is consistent with the T&D efficiency used in Stage 1 of the useful energy

calculation (Section 5.12.1).

Unit conversion. AR6 data are reported in EJ/yr. We convert to PWh using 1 EJ =

1/3.6 PWh.

Forecast comparison and likelihood. The empirical consistency filter (Eq. 5.2)

applies identically: we replace electricity generation shares with absolute generation levels

(in PWh) and compare to distributional forecasts of solar and wind electricity generation.

5.12 Calculating useful energy shares

5.12.1 Calculating useful energy shares from AR6 scenarios

The main text analyses electricity generation shares calculated at the secondary energy (SE)

level (Section 5.2). Electricity only describes a portion of total energy use. As a robustness

check we repeat the analysis using useful energy shares, which account for other sectors

and fuel types, and account for transmission and distribution (T&D) losses and end-use

conversion efficiency. The AR6 database reports Secondary Energy (SE, generation at

power plants) and Final Energy (FE, delivery to end-users after transmission/distribution

losses) [27]. Neither quantifies useful energy (mechanical work, heat, light delivered after
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end-use conversion). We convert AR6 data to useful energy using sector- and fuel-specific

efficiencies from Cullen and Allwood [448], De Stercke [449], and Way et al.[29].

We measure technology contributions as shares of total useful energy rather than

absolute values. Absolute generation values can increase indefinitely with demand growth,

potentially leading to asymptotic behaviour where all technologies appear to succeed.

Shares normalise for demand growth, providing a meaningful comparison across scenarios

with different energy demand trajectories.

Methodology Calculation proceeds in two stages corresponding to distinct energy

pathways: electricity (from Final Energy with technology shares from Secondary Energy)

and direct fuel use (from Final Energy). A key methodological point: FE already includes

transmission and distribution losses, avoiding double-counting.

Stage 1: Electricity conversion. For electricity, the AR6 database reports

technology-specific generation as Secondary Energy (SE) at power plants and, in some cases,

technology-specific or aggregate Final Energy (FE) delivered to end-users. We calculate

useful energy for each technology directly, applying T&D losses and end-use efficiency. For

each electricity technology i:

Euseful
i,s,t =


FEi,s,t × ηend-useelec if tech-specific FE available

Esecondary
i,s,t × ηT&D

s × ηend-useelec otherwise

(5.24)

where Esecondary
i,s,t is generation from technology i (Secondary Energy—Electricity—i), FEi,s,t

is technology-specific final energy (Final Energy—Electricity—i, when available), and

ηend-useelec = 0.90 is the electrical end-use conversion efficiency.

T&D efficiency determination. When technology-specific FE is unavailable, we

calculate a scenario-specific T&D efficiency ηT&D
s hierarchically:
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1. Sector-specific FE available: If sector-disaggregated Final Energy is reported

(FE|Sector|Electricity for Transportation, Residential and Commercial, and Industry),

calculate T&D efficiency from the ratio of summed sector-specific FE to total SE:

ηT&D
s =

∑
sector FE|Sector|Electricitys,t

SE|Electricitys,t

(5.25)

2. Aggregate FE available: If sector-specific data is unavailable but total electricity

FE and SE are reported, use their ratio:

ηT&D
s =

FE|Electricitys,t

SE|Electricitys,t

(5.26)

3. Default empirical value: If no FE data is available, use the IPCC-vetted empirical

average:

ηT&D
s = 0.87 (5.27)

This represents the median global electricity T&D efficiency across diverse systems.

This direct calculation approach accounts for T&D losses exactly once. When

technology-specific FE is available, T&D losses are already embedded. When using

SE, we apply the scenario-specific or empirical T&D efficiency. All electricity technologies

experience identical T&D losses and end-use efficiency, so the calculation method does not

introduce systematic bias across technologies.

Stage 2: Fossil fuel conversion. For non-electric energy carriers (solids, liquids,

gases) consumed in sector j:

Euseful
k,j,s,t = Efinal

k,j,s,t × ηconversionk,j (5.28)

where Efinal
k,j,s,t is final energy delivery of fuel type k to sector j (reported as Final
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Energy—j—k in the AR6 database), and ηconversionk,j is the sector-and-fuel-specific con-

version efficiency.

Conversion efficiency parameters. We adopt the sector- and fuel-specific conversion

efficiencies from Way et al. [29], based on Cullen and Allwood [448] and De Stercke [449]

(Table 5.3). Our key methodological improvement is recognising that Final Energy already

incorporates transmission and distribution losses, eliminating the need for separate T&D

calculations and preventing double-counting.

Table 5.3: Conversion efficiency parameters for calculating useful energy from AR6
scenario data. Values adopted from Way et al. [29], based on Cullen and Allwood [448]
and De Stercke [449]. For electricity, end-use efficiency is applied directly to Final Energy
(which already includes T&D losses).

Sector Energy Carrier Efficiency End-use Device

Transportation
Liquids 0.20 Internal combustion engines
Gases 0.20 Compressed natural gas vehicles
Electricity 0.90 Electric motors and batteries

Residential and Commercial
Solids 0.65 Combustion stoves and boilers
Liquids 0.65 Oil heating systems
Gases 0.65 Natural gas heating and cooking
Electricity 0.90 Electric heating, cooling, lighting, appliances

Industry
Solids 0.35 High-temperature process heat
Liquids 0.35 Industrial furnaces and boilers
Gases 0.35 Process heat and steam generation
Electricity 0.90 Electric motors, electrolysis, electric furnaces

Useful energy shares for forecast comparison. After calculating useful energy

from all technologies and fuel types, we compute each technology’s share of total useful

energy—the metric compared to forecasts:

Shareusefuli,s,t =
Euseful

i,s,t∑
i′ E

useful
i′,s,t

× 100 (5.29)

where the denominator sums useful energy across all electricity technologies (solar, wind,

hydro, nuclear, geothermal, biomass, coal, gas, oil) and non-electric fuel categories (solids,
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liquids, gases). The empirical consistency filter (Eq. 5.2) applies identically: we replace

electricity generation shares with useful energy shares and compare to useful energy

distributional forecasts. Because T&D efficiency cancels in electricity share ratios but not

in useful energy shares (where the denominator includes non-electricity sectors at different

efficiencies), the two metrics can yield different scenario subsets.

Worked Example: Useful Energy Calculation This example demonstrates the

calculation sequence for AIM/CGE 2.0 SFCM SSP2 Ref 1p5Degree in 2050.

Step 1: Calculate T&D efficiency. Check if technology-specific FE is available.

For this scenario, only aggregate FE is reported:

SE—Electricity = 243.82 EJ/yr

FE—Electricity = 197.53 EJ/yr

ηT&D =
197.53

243.82
= 0.8102 (19% losses)

Step 2: Calculate useful energy directly for each technology. Apply T&D

efficiency and end-use efficiency to SE:

SE—Electricity—Solar = 53.85 EJ/yr

Euseful
solar = 53.85× 0.8102× 0.90 = 39.27 EJ/yr

SE—Electricity—Wind = 88.81 EJ/yr

Euseful
wind = 88.81× 0.8102× 0.90 = 64.76 EJ/yr

Step 3: Calculate useful energy shares. Including fossil fuels (industrial solids:

5.02 EJ/yr) and all other technologies, total useful energy is 236 EJ/yr. This yields the
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final metric for likelihood analysis:

Shareusefulsolar =
39.27

236
= 0.166 (16.6%)

Shareusefulwind =
64.76

236
= 0.274 (27.4%)

Step 4: Fossil fuel useful energy (unchanged). Industrial solids as exemplar:

FE—Industry—Solids = 14.33 EJ/yr

Euseful
solids = 14.33× 0.35 = 5.02 EJ/yr

Figure 5.5 illustrates the conversion sequence. For electricity, Final Energy (197.53

EJ/yr) already reflects T&D losses from Secondary Energy (243.82 EJ/yr). Applying the

90% end-use efficiency yields 177.78 EJ/yr useful electricity—an effective 72.9% conversion

rate from SE. Solar provides 39.27 EJ/yr (16.6% of total useful energy) and wind provides

64.76 EJ/yr (27.4%). Industrial fossil fuels convert at their sector-specific 35% efficiency

directly from Final Energy.

Supplementary Results

5.13 Supplementary Results

This appendix presents supplementary results complementing the main text. We first demon-

strate that our findings are robust across different likelihood formulations (Appendix 5.13.1).

We then present additional results using the main text method (Appendix 5.13.2), re-

sults using alternative continuous likelihood formulations M4–M8 (Appendix 5.13.3). As

electricity generation shares do not account for changes in total electricity generation,

which may differ across scenarios, we also present results using electricity generation levels
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Energy Flow: SFCM_SSP2_Ref_1p5Degree (2050)

Secondary Energy
(electricity only)

Final Energy
(after T&D)

Useful Energy

Wind: 89 EJ/yr

Solar: 54 EJ/yr

Wind: 72 EJ/yr

Solar: 44 EJ/yr

Wind: 65 EJ/yr (27.5%)

Solar: 39 EJ/yr (16.7%)

Other Elec: 101 EJ/yr

(hydro, nuclear, fossil)

82 EJ/yr 74 EJ/yr (31.3%)

Non-Elec Fuels

(solids, liquids, gases)
161 EJ/yr 58 EJ/yr (24.6%)

Total: 358 EJ/yr Total: 236 EJ/yr

Figure 5.5: Sankey-style energy conversion for AIM/CGE 2.0 SFCM SSP2 Ref 1p5Degree
(2050). Band thicknesses are proportional to energy (EJ/yr). Solar and wind generation
at power plants (Secondary Energy) experience T&D losses before delivery to end-users
(Final Energy, 197.53 EJ/yr from 243.82 EJ/yr SE, 81% efficient). End-use conversion
(ηend-use = 0.90) applied to FE yields 177.78 EJ/yr useful electricity—an effective 72.9%
conversion rate from SE. Industrial solids convert final energy at 35% efficiency. Solar
provides 16.6% of total useful energy (39.27 EJ/yr) and wind provides 27.4% (64.76 EJ/yr).
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(Appendix 5.13.4). Electricity generation only describes a portion of the energy system, so

we also present results using useful energy shares and levels (Appendices 5.13.5 and 5.13.6).

See Table 5.2 for all method definitions.

5.13.1 Robustness across binary likelihood formulations (M0–

M3)

We first demonstrate that results are robust to the choice of likelihood formulation. Table 5.4

compares results using the four binary likelihood methods (M0–M3, Table 5.2). The Cohen’s

d values in each column indicate the difference between probable and improbable subsets

for each metric, and the Mann-Whitney U test results (stars) indicate whether differences

are statistically significant. Results are broadly similar across formulations, confirming

that the main conclusions are not sensitive to the specific binary likelihood definition.

Across the metrics, results most often show similar directional differences between

probable and improbable scenarios regardless of formulation. When they do not, the

differences are often not statistically significant, suggesting those metrics are less robust

to the choice of formulation. Notably, M2 (pathway product) shows higher median CCS

deployment (GtCO2/yr) in probable scenarios for 2050, while all other formulations show

significantly lower CCS deployment. Such differences may arise because yearly likelihood

measures are more sensitive to year-to-year variations, while trajectory measures are more

sensitive to overall consistency across the full trajectory.

Stringency of likelihood measures We measure stringency in terms of difference

between probable and improbable scenarios for key metrics, as measured by Cohen’s d. The

main text binary trajectory likelihood measure (M0) has the second-highest stringency for

both energy and socioeconomic metrics, while the trajectory product binary measure (M2)

has the highest. Yearly measures (M1 and M3) have lower stringency than trajectory
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Table 5.4: Robustness of energy metric comparisons (probable vs. improbable) across
four binary likelihood methods. M0 corresponds to the main paper. All methods use a
binary split (likelihood > 0 vs. = 0) with no resampling or weighting. The consistent
direction of ∆Median across methods confirms findings are not sensitive to the specific
binary likelihood definition.

M0 M1 M2 M3

Metric (Unit) Year ∆Med d ∆Med d ∆Med d ∆Med d

2030 1.0 0.21∗∗∗ 1.0 0.21∗∗∗ 3.6 0.89∗∗∗ 3.6 0.89∗∗∗

Total electricity generation (PWh) 2050 10.9 1.06∗∗∗ 10.2 0.94∗∗∗ 16.4 1.79∗∗∗ 15.6 1.40∗∗∗

2100 24.2 0.77∗∗∗ 27.3 1.06∗∗∗ 48.4 1.35∗∗∗ 30.7 0.81∗∗∗

2030 -15.0 -1.55∗∗∗ -15.0 -1.55∗∗∗ -10.8 -0.64∗∗∗ -10.8 -0.64∗∗∗

Fossil fuels electricity share (%) 2050 -25.1 -1.82∗∗∗ -31.0 -2.47∗∗∗ -16.5 -1.42∗∗∗ -16.9 -1.19∗∗∗

2100 -5.5 -1.07∗∗∗ -26.7 -2.07∗∗∗ -4.5 -1.03∗∗∗ -2.6 -0.78∗∗∗

2030 14.9 1.61∗∗∗ 14.9 1.61∗∗∗ 11.8 1.01∗∗∗ 11.8 1.01∗∗∗

Solar + Wind electricity share (%) 2050 31.4 2.33∗∗∗ 33.1 3.16∗∗∗ 25.7 1.75∗∗∗ 25.5 1.52∗∗∗

2100 20.9 1.70∗∗∗ 30.8 3.47∗∗∗ 21.4 1.78∗∗∗ -3.3 0.42∗∗

2030 0.2 -0.06ns 0.2 -0.06ns -0.0 -0.12ns -0.0 -0.12ns

Carbon Capture and Storage (GtCO2/yr) 2050 0.9 -0.10ns 1.0 -0.16ns 2.9 0.42ns 3.0 0.46ns

2100 -3.6 -0.46∗∗∗ -3.7 -0.25∗∗∗ 0.5 0.08ns -2.7 -0.25∗∗∗

2030 0.0 -0.12ns 0.0 -0.12ns 0.1 -0.22ns 0.1 -0.22ns

H2 from fossil fuels (PWh) 2050 0.2 -0.02ns 0.5 -0.04ns 0.3 0.01ns 0.1 0.06ns

2100 -3.9 -0.57∗∗∗ -4.5 -0.37∗∗∗ -3.1 -0.52∗ 1.0 -0.05ns

2030 0.0 0.68∗∗∗ 0.0 0.68∗∗∗ 0.0 0.19∗∗∗ 0.0 0.19∗∗∗

H2 from solar (PWh) 2050 0.3 1.37∗∗ 0.3 3.29∗∗∗ – – -0.0 -1.22ns

2100 -0.0 0.43ns 0.2 1.17∗∗∗ – – -0.1 -0.37ns

Binary methods (no weighting): M0 (main paper): Trajectory, sum-based solar+wind
likelihood — binary split (likelihood > 0 means scenario is within the 95% PI at every year up
to t). M1: single-year binary split using sum-based likelihood (scenario within 95% PI in year
t only). M2: Trajectory, product-based likelihood (P (solar) × P (wind)) — binary split. M3:
single-year binary split using product-based likelihood.

∆Med = median(probable) − median(improbable) in reported units. d = Cohen’s d (bold if
|d| > 0.5). ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, ns not significant (Mann–Whitney U , one-sided).

measures (M0 and M2), plausibly because they permit more year-to-year variation while

trajectory measures require consistency across the full trajectory.

5.13.2 Additional Results

Metrics comparing probable and improbable scenarios Table 5.5 accompanies

Figure 5.2, comparing the probable scenarios with the improbable scenarios for 6 key

energy transition metrics.

Mann-Whitney U tests show significant differences between probable and improbable

scenarios for six metrics, with probable scenarios characterised by higher electrification,

higher solar and wind electricity shares, and lower fossil fuel shares. Probable scenarios are
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Table 5.5: Statistical comparison of key energy metrics between probable and improbable
AR6 climate pathways

Metric (Unit) Year ∆Median MW stat Cohen’s d

2030 1.0 194827∗∗∗ 0.21
Total electricity generation (PWh) 2050 10.9 224599∗∗∗ 1.06

2100 24.2 199935∗∗∗ 0.77

2030 -15.0 28894∗∗∗ -1.55
Fossil fuels electricity share (%) 2050 -25.1 27557∗∗∗ -1.82

2100 -5.5 54476∗∗∗ -1.07

2030 14.9 322915∗∗∗ 1.61
Solar + Wind electricity share (%) 2050 31.4 271304∗∗∗ 2.33

2100 20.9 255861∗∗∗ 1.70

2030 0.2 152627∗∗∗ -0.06
Carbon Capture and Storage (GtCO2/yr) 2050 0.9 137883∗ -0.10

2100 -3.6 90756∗∗∗ -0.46

2030 0.0 41135 -0.12
H2 from fossil fuels (PWh) 2050 0.2 64113∗∗∗ -0.02

2100 -3.9 42151∗∗∗ -0.57

2030 0.0 1231∗∗∗ 0.68
H2 from solar (PWh) 2050 0.3 565∗∗ 1.37

2100 -0.0 445 0.43

Note: ∆Median = difference in median values (Probable minus Improbable). MW stat
= Mann-Whitney U statistic with superscript significance (*** p < 0.001, ** p < 0.01, *
p < 0.05). Cohen’s d = effect size (bold if |d| > 0.5, indicating medium to large effect).

therefore more aligned with rapid decarbonisation trajectories and earlier net-zero targets.

CCS deployment does not differ significantly between the two subsets until 2050, suggesting

that CCS is not a key near-term distinguishing factor based on the probabilistic forecast of

solar and wind electricity generation shares. This may be because scenarios often limit

solar deployment, while we determine likelihood in solar+wind, thus not capturing this.

Hydrogen plays a more central role in probable scenarios, with significantly higher shares

of hydrogen from solar PV and similar shares of hydrogen from fossil fuels—consistent

with a transition pathway reliant on green rather than blue hydrogen.

Additional metrics for probable vs. improbable scenarios Complementing

Figures 5.2 and 5.3, we show additional metrics comparing probable and improbable

scenarios in Figure 5.6 and Table 5.6. Table 5.6 also compares probable scenarios to all
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AR6 scenarios, including yearly GHG emissions.

Figure 5.6: Boxplots comparing probable (teal) to improbable AR6 scenarios (tan) for
probable scenarios up to year T for GHG emissions. Boxplots show median, 25th and 75th
percentiles, and 10th and 90th percentiles. Stars indicate significant differences based on
Mann-Whitney U test.

Mann-Whitney U tests show significant differences between probable and improbable

scenarios for emission, warming, and net-zero metrics. Probable scenarios feature more

ambitious decarbonisation trajectories and earlier net-zero targets. The difference between

probable and all vetted AR6 scenarios is significant for most of the same metrics, as

expected given that the probable subset is drawn from the full ensemble.

Table 5.7 shows additional statistical tests comparing probable and improbable scenarios

for the 12 metrics shown in main paper Figure 5.2 and appendix Figure 5.6.
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Table 5.6: Extended statistical comparison for all metrics: probable trajectories versus
improbable and versus all AR6 scenarios

Probable vs Improbable Probable vs All AR6

Metric (Unit) Year ∆Median MW stat Cohen’s d ∆Median t-stat

2030 1.0 194827∗∗∗ 0.21 0.4 2.48∗

Total electricity generation (PWh) 2050 10.9 224599∗∗∗ 1.06 7.9 12.85∗∗∗

2100 24.2 199935∗∗∗ 0.77 21.6 8.40∗∗∗

2030 -15.0 28894∗∗∗ -1.55 -10.1 -17.03∗∗∗

Fossil fuels electricity share (%) 2050 -25.1 27557∗∗∗ -1.82 -14.6 -28.52∗∗∗

2100 -5.5 54476∗∗∗ -1.07 -2.7 -19.77∗∗∗

2030 14.9 322915∗∗∗ 1.61 9.9 18.40∗∗∗

Solar + Wind electricity share (%) 2050 31.4 271304∗∗∗ 2.33 23.6 29.93∗∗∗

2100 20.9 255861∗∗∗ 1.70 17.3 24.25∗∗∗

2030 0.2 152627∗∗∗ -0.06 0.1 -0.73
Carbon Capture and Storage (GtCO2/yr) 2050 0.9 137883∗ -0.10 0.5 -1.36

2100 -3.6 90756∗∗∗ -0.46 -2.5 -6.28∗∗∗

2030 0.0 41135 -0.12 0.0 -0.71
H2 from fossil fuels (PWh) 2050 0.2 64113∗∗∗ -0.02 0.1 -0.17

2100 -3.9 42151∗∗∗ -0.57 -1.7 -5.33∗∗∗

2030 0.0 1231∗∗∗ 0.68 0.0 1.58
H2 from solar (PWh) 2050 0.3 565∗∗ 1.37 0.3 2.87∗

2100 -0.0 445 0.43 -0.0 0.84

2030 -6.2 79056∗∗∗ -0.79 -4.9 -9.88∗∗∗

GHG emissions (GtCO2eq/yr) 2050 -14.9 80568∗∗∗ -0.92 -7.8 -13.51∗∗∗

2100 -2.7 110209∗∗∗ -0.66 -1.9 -10.88∗∗∗

2030 -4.7 80564∗∗∗ -0.74 -4.1 -9.30∗∗∗

CO2 emissions (GtCO2/yr) 2050 -12.6 81753∗∗∗ -0.90 -6.9 -12.91∗∗∗

2100 -1.6 110010∗∗∗ -0.64 -0.6 -10.26∗∗∗

2030 -2.5 52203∗∗ -0.25 -2.0 -2.31∗

Net-zero CO2 year (year) 2050 -2.5 52203∗∗ -0.25 -2.0 -2.31∗

2100 -2.5 52203∗∗ -0.25 -2.0 -2.31∗

2030 -0.0 113410∗∗∗ -0.39 -0.0 -4.42∗∗∗

Surface warming (◦C) 2050 -0.1 71427∗∗∗ -0.95 -0.1 -12.78∗∗∗

2100 -0.3 88378∗∗∗ -0.81 -0.2 -12.22∗∗∗

Note: Comprehensive comparison for 10 metrics (6 energy + 4 climate) across three time
periods. Left columns: Probable vs Improbable trajectories with full statistical testing. Right
columns: Probable vs All AR6 scenarios showing median difference and t-test (parametric test
for mean differences). ∆Median = difference in median values (Probable minus comparison
group). MW stat = Mann-Whitney U statistic (non-parametric, tests median differences).
t-stat = Welch’s t-test statistic (parametric, tests mean differences). All statistics shown with
superscript significance: *** p < 0.001, ** p < 0.01, * p < 0.05. Cohen’s d = effect size (bold
if |d| > 0.5, indicating medium to large effect).

Comparison with the larger set of AR6 database scenarios Here we recreate

the main paper findings using a larger set of over 2000 AR6 database scenarios, that

is, including the scenarios present in the AR6 database but not included in the vetted

AR6 set used for the WGIII report. Figure 5.7 complements Figure 5.2. These results

are similar to the main text (Figure 5.2), with some differences in the distribution of

probable scenarios and the statistical significance of certain metrics. These differences

likely reflect the inclusion of additional scenarios that failed historical vetting. Notably,
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Table 5.7: Comprehensive statistical test results: methodological transparency for all
metrics

Metric (Unit) Year nL nNL ∆Median Cohen’s d MW stat t-stat KS stat

2030 491 695 1.0 0.21 194827∗∗∗ 3.65∗∗∗ 0.19∗∗∗

Total electricity generation (PWh) 2050 337 849 10.9 1.06 224599∗∗∗ 17.18∗∗∗ 0.55∗∗∗

2100 334 852 24.2 0.77 199935∗∗∗ 11.57∗∗∗ 0.31∗∗∗

2030 493 696 -15.0 -1.55 28894∗∗∗ -26.90∗∗∗ 0.79∗∗∗

Fossil fuels electricity share (%) 2050 339 850 -25.1 -1.82 27557∗∗∗ -35.87∗∗∗ 0.73∗∗∗

2100 336 853 -5.5 -1.07 54476∗∗∗ -21.72∗∗∗ 0.56∗∗∗

2030 493 696 14.9 1.61 322915∗∗∗ 28.38∗∗∗ 0.94∗∗∗

Solar + Wind electricity share (%) 2050 339 850 31.4 2.33 271304∗∗∗ 42.43∗∗∗ 0.80∗∗∗

2100 336 853 20.9 1.70 255861∗∗∗ 31.48∗∗∗ 0.70∗∗∗

2030 491 531 0.2 -0.06 152627∗∗∗ -1.03 0.29∗∗∗

Carbon Capture and Storage (GtCO2/yr) 2050 339 742 0.9 -0.10 137883∗ -1.70 0.21∗∗∗

2100 336 752 -3.6 -0.46 90756∗∗∗ -7.86∗∗∗ 0.32∗∗∗

2030 339 244 0.0 -0.12 41135 -1.51 0.22∗∗∗

H2 from fossil fuels (PWh) 2050 273 406 0.2 -0.02 64113∗∗∗ -0.24 0.30∗∗∗

2100 272 431 -3.9 -0.57 42151∗∗∗ -7.58∗∗∗ 0.38∗∗∗

2030 20 68 0.0 0.68 1231∗∗∗ 2.10∗ 0.80∗∗∗

H2 from solar (PWh) 2050 6 111 0.3 1.37 565∗∗ 3.02∗ 0.69∗∗

2100 6 119 -0.0 0.43 445 0.88 0.42

2030 336 853 -6.2 -0.79 79056∗∗∗ -12.98∗∗∗ 0.40∗∗∗

GHG emissions (GtCO2eq/yr) 2050 336 853 -14.9 -0.92 80568∗∗∗ -16.61∗∗∗ 0.36∗∗∗

2100 336 853 -2.7 -0.66 110209∗∗∗ -12.49∗∗∗ 0.23∗∗∗

2030 336 853 -4.7 -0.74 80564∗∗∗ -12.16∗∗∗ 0.38∗∗∗

CO2 emissions (GtCO2/yr) 2050 336 853 -12.6 -0.90 81753∗∗∗ -16.02∗∗∗ 0.36∗∗∗

2100 336 853 -1.6 -0.64 110010∗∗∗ -11.94∗∗∗ 0.23∗∗∗

2030 249 488 -2.5 -0.25 52203∗∗ -3.22∗∗ 0.13∗∗

Net-zero CO2 year (year) 2050 249 488 -2.5 -0.25 52203∗∗ -3.22∗∗ 0.13∗∗

2100 249 488 -2.5 -0.25 52203∗∗ -3.22∗∗ 0.13∗∗

2030 336 853 -0.0 -0.39 113410∗∗∗ -5.97∗∗∗ 0.21∗∗∗

Surface warming (◦C) 2050 336 853 -0.1 -0.95 71427∗∗∗ -16.37∗∗∗ 0.43∗∗∗

2100 336 853 -0.3 -0.81 88378∗∗∗ -14.75∗∗∗ 0.32∗∗∗

Note: Complete statistical test results for methodological transparency (Probable vs Improb-
able comparison). nL = sample size probable trajectories, nNL = sample size improbable
trajectories. ∆Median = difference in medians (Probable minus Improbable). Cohen’s d =
effect size (bold if |d| > 0.5, indicating medium to large effect). MW stat = Mann-Whitney
U statistic (non-parametric test for median differences). t-stat = Welch’s t-test (parametric
test for mean differences). KS stat = Kolmogorov-Smirnov statistic (tests whether entire
distributions differ). All statistics shown with superscript significance: *** p < 0.001, **
p < 0.01, * p < 0.05.

probable scenarios in the larger AR6 database set diverge from improbable scenarios in

CCS deployment at 2060, suggesting the vetting process excludes scenarios with higher

CCS deployment that are inconsistent with historical growth trajectories.

Figure 5.8 complements Figures 5.3, showing that applying the methodology to the

larger set yields similar results for warming, emission, and net-zero outcomes. Figure 5.8

also complements Figure 5.4 by comparing the distribution of SSPs in the larger AR6

database set to those that are probable. Findings in both cases are similar to the results

presented in the main text for the vetted scenarios. A slightly larger proportion of SSP4

scenarios are in the probable subset (blue). This indicates that socio-economic pathways
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Figure 5.7: Energy transitions for probable and improbable scenarios using the full set of
AR6 database scenarios with the binary likelihood method used in the main text. Boxplots
show median, 25th and 75th percentiles, and 10th and 90th percentiles. Stars indicate
significant differences based on Mann-Whitney U test. (a) Electricity share. (b) Solar PV
share of electricity. (c) Wind share of electricity. (d) Fossil fuel share of electricity. (e)
Carbon Capture and Storage (GtCO2/yr). (f) Hydrogen share of final energy from solar
PV. (g) Hydrogen share of final energy from fossil fuels.

with heightened inequality and regional disparities can also produce scenarios consistent

with historical solar and wind growth trajectories, despite being excluded from the vetted

set analysed in the main text.

For the larger set of AR6 database scenarios, REMIND is the most common model

(marginally ahead of WITCH) in the probable subset, while for the vetted set, REMIND

and WITCH trade places. In both sets, these two models produce by far the largest
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(a)

(b) (c)

Figure 5.8: (a) Comparison of warming, emissions, and net-zero outcomes for larger AR6
database set. Colours are consistent with main text. Teal indicates probable scenarios, tan
indicates improbable scenarios. Grey box-plots represent AR6 scenarios in 2020 and 2025,
with the red dot marking the 2024 observed levels. (b) Distribution of SSPs in the full
set of AR6 scenarios. (c) Distribution of SSPs in the probable subset of the full AR6 set.
Grey is the proportion of each SSP in the full AR6 set, green the proportion within each
SSP that is probable in 2050, and blue the proportion within each SSP that is probable
across the trajectory up to 2050. Numbers in brackets are different, as some scenarios do
not contain SSP information.

proportion of probable scenarios. The distribution of SSPs and models in the probable

subset differs from the full AR6 database set, suggesting that certain SSPs and models

are more likely to produce scenarios consistent with historical solar and wind growth

trajectories.
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5.13.3 Results using alternative likelihood formulations (M4–

M8)

Here we show results using the continuous likelihood formulations M4–M8 (Table 5.2,

methods in Appendix 5.9). These results provide a robustness check and show how different

likelihood formulations can produce different distributions of probable scenarios while

generally supporting similar conclusions about differences between probable and improbable

scenarios. The choice of likelihood formulation should be based on the specific research

question and context.

We show results using likelihood-weighted distributions of probable scenarios measured

per year, as well as product and trajectory likelihoods.

Figure 5.9 shows the forecast of solar+wind electricity shares compared to the probable

AR6 scenarios using alternative likelihood formulations.

Table 5.8 mirrors Table 5.5 from the main text but uses alternative likelihood formula-

tions.

A notable finding is that for the metric Carbon Capture and Storage (GtCO2/yr), the

weighted trajectory likelihood (M6) shows significantly lower CCS in probable scenarios

compared to improbable scenarios, while the unweighted trajectory likelihood (M4) shows

a less significant difference. This suggests that scenarios with higher CCS deployment have

comparatively lower consistency scores; weighting by likelihood can therefore change the

distribution of the probable subset and reveal differences not apparent when treating all

probable scenarios equally. This is potentially a result of CCS being used to compensate

for constrained solar deployment in ambitious scenarios, or to generate overshoot solutions

using negative emissions technologies such as bioenergy carbon capture and storage.

Table 5.9 compares the distribution of metrics shown in Table 5.5 in the main paper to

the same metrics under alternative likelihood formulations, testing whether distributions
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(a) Unweighted yearly likeli-
hood

(b) Unweighted trajectory like-
lihood

(c) Unweighted product trajec-
tory likelihood

(d) Weighted yearly likelihood(e) Weighted trajectory likeli-
hood

(f) Weighted product trajectory
likelihood

Figure 5.9: Comparison of solar + wind electricity generation shares for AR6 scenarios to
the probabilistic forecast, using alternative likelihood formulations. AR6 scenarios shown
as box plots in 10-year increments from 2030 to 2070. Boxes are the IQR and whiskers
the 10− 90%. Green fans are the forecasts from 10− 90%. Line is the median forecast.
(a) AR6 scenarios probable in a given year. (b) AR6 scenarios with probable trajectory
for sum of solar and wind electricity share. (c) AR6 scenarios with probable trajectories
for solar and wind electricity shares independently. (d) AR6 scenarios weighted yearly
likelihood. (e) AR6 scenarios weighted trajectory likelihood. (f) AR6 scenarios weighted
product likelihood.

and means differ significantly across formulations. The results show that distributions

expectedly differ when using alternative likelihood formulations, as the weighting of scenarios

changes the composition of the probable subset. However, the direction of differences

between probable and improbable scenarios is consistent across formulations, and statistical

significance is often preserved. That is, while the mean values of metrics for the probable
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Table 5.8: Robustness of energy metric comparisons (probable vs. improbable) across five
likelihood methods (M4–M8). Direction of ∆Median is consistent across all five methods
in 83% of energy and 72% of supplementary year×metric cells, confirming findings are not
sensitive to the choice of likelihood methodology.

M4 M5 M6 M7 M8

Metric (Unit) Year ∆Med d ∆Med d ∆Med d ∆Med d ∆Med d

Total electricity 2030 0.4 0.08ns 0.5 0.05ns 0.4 0.08ns 0.5 0.05ns 1.0 0.27∗∗∗

generation (PWh) 2050 11.8 1.05∗∗∗ 30.2 2.83∗∗∗ 9.1 0.83∗∗∗ 25.0 1.62∗∗∗ 18.6 1.66∗∗∗

2100 19.1 0.46∗∗∗ 31.2 1.14∗∗∗ 11.7 0.46∗∗∗ 33.6 0.64∗∗∗ 57.3 2.00∗∗∗

Fossil fuels 2030 -16.1 -1.55∗∗∗ -19.2 -2.08∗∗∗ -16.1 -1.55∗∗∗ -19.2 -2.08∗∗∗ -11.5 -0.77∗∗∗

electricity share (%) 2050 -22.3 -1.49∗∗∗ -26.1 -1.91∗∗∗ -28.8 -1.92∗∗∗ -33.8 -2.36∗∗∗ -16.0 -1.37∗∗∗

2100 -3.4 -0.87∗∗∗ -5.1 -1.10∗∗∗ -15.7 -1.13∗∗∗ -18.0 -1.24∗∗∗ -4.5 -1.03∗∗∗

Solar + Wind 2030 14.1 1.50∗∗∗ 17.0 2.11∗∗∗ 14.1 1.50∗∗∗ 17.0 2.11∗∗∗ 10.9 0.90∗∗∗

electricity share (%) 2050 26.5 1.55∗∗∗ 42.3 2.83∗∗∗ 29.7 2.14∗∗∗ 45.0 2.89∗∗∗ 26.1 1.71∗∗∗

2100 17.3 1.12∗∗∗ 27.1 2.25∗∗∗ 27.3 1.17∗∗∗ 37.8 1.50∗∗∗ 21.6 1.83∗∗∗

Carbon Capture 2030 0.4 0.29ns 0.3 0.22ns 0.4 0.29ns 0.3 0.22ns 0.1 -0.06ns

and Storage 2050 1.6 0.13ns 0.0 -0.36ns 0.9 -0.15ns 0.1 -0.30ns 2.0 0.38ns

(GtCO2/yr) 2100 -1.6 -0.19∗ -10.0 -1.70∗∗∗ -0.7 0.05ns -6.2 -0.34∗∗∗ -0.8 -0.29ns

H2 from 2030 0.1 0.16ns 0.0 0.10ns 0.1 0.16ns 0.0 0.10ns 0.1 -0.07ns

fossil fuels (PWh) 2050 0.2 0.17ns -1.4 -0.89∗∗∗ 0.4 0.07ns -1.1 -0.36∗∗∗ -0.2 -0.12ns

2100 -2.1 -0.34∗∗∗ -4.1 -1.39∗∗∗ -2.4 -0.20∗∗ -5.5 -0.64∗∗∗ -3.7 -0.91∗

H2 from 2030 0.0 0.50∗∗∗ 0.0 0.66∗∗∗ 0.0 0.50∗∗∗ 0.0 0.66∗∗∗ 0.0 0.47∗∗∗

solar (PWh) 2050 0.3 1.20∗∗∗ -0.0 0.11∗∗∗ 0.3 2.26∗∗∗ 0.3 2.16∗∗∗ – –
2100 0.4 1.03∗∗ -0.0 0.09ns 0.0 0.72∗∗∗ 0.1 0.67∗∗∗ – –

Methods: M4: cumulative unweighted trajectory likelihood using sum-based solar+wind
likelihood, equal weights. M5: as M4 but resampled proportional to normalized cumulative
likelihood. M6: binary split at each year independently (likelihood > 0 vs = 0), equal weights.
M7: as M6 but resampled proportional to that year’s likelihood. M8: cumulative trajectory
likelihood using product-based likelihood (P (solar)× P (wind)), equal weights.

∆Med = median(probable) − median(improbable) in reported units. d = Cohen’s d (bold if
|d| > 0.5). ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, ns not significant (Mann–Whitney U , one-sided).

subset may change with different formulations, the overall conclusions are relatively robust.

A majority of the differences in mean (measured by Cohen’s D) are negligible or small

(|d| < 0.2 or 0.2 < |d| < 0.5). Across the 6 metrics and 5 methods, 15 out of 18 comparisons

show the same direction of difference between probable and improbable scenarios. H2

from fossil fuels (PWH) in 2050 in M54, M65, and M76 show small negative differences

between probable and improbable scenarios, while M4 shows a small but insignificant

positive difference (see Table 5.8).

Table 5.10 shows the same comparison as Table 5.8 but for the additional metrics

shown in Figure 5.6 and Table 5.6.

4Weighted trajectory sum likelihood
5Unweighted yearly sum likelihood
6Weighted yearly sum likelihood
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Table 5.9: Pairwise comparison of probable distributions for energy metrics across
likelihood methods. Cohen’s d comparing the raw (unweighted) probable scenarios of each
method against M4. Values near zero confirm that the probable sets are robust to the
method choice.

Cohen’s d (M4 vs. Mx)

Metric (Unit) Year d45 d46 d47 d48

2030 0.00ns 0.00ns 0.00ns -0.18∗

Total electricity generation (PWh) 2050 0.00ns 0.37∗∗∗ 0.37∗∗∗ -0.80∗∗∗

2100 0.00ns 0.26∗∗ 0.26∗∗ -1.28∗

2030 0.00ns 0.00ns 0.00ns -0.26∗

Fossil fuels electricity share (%) 2050 0.00ns -0.36∗∗∗ -0.36∗∗∗ 0.43ns

2100 0.00ns -0.56∗∗∗ -0.56∗∗∗ 1.04∗∗

2030 0.00ns 0.00ns 0.00ns 0.13ns

Solar + Wind electricity share (%) 2050 0.00ns 0.30∗∗∗ 0.30∗∗∗ -0.73∗∗

2100 0.00ns 0.73∗∗∗ 0.73∗∗∗ -1.40∗∗

2030 0.00ns 0.00ns 0.00ns 0.20∗∗

Carbon Capture and Storage (GtCO2/yr) 2050 0.00ns 0.23∗∗∗ 0.23∗∗∗ -0.33∗

2100 0.00ns -0.19∗ -0.19∗ 0.12ns

2030 0.00ns 0.00ns 0.00ns 0.13ns

H2 from fossil fuels (PWh) 2050 0.00ns 0.09ns 0.09ns 0.24ns

2100 0.00ns -0.24∗ -0.24∗ 0.58ns

2030 0.00ns 0.00ns 0.00ns -0.05ns

H2 from solar (PWh) 2050 0.00ns -0.04ns -0.04ns –
2100 0.00ns 0.75∗ 0.75∗ –

d45: M4 vs. M5 (pathway weighted). d46: M4 vs. M6 (yearly unweighted). d47: M4 vs. M7 (yearly
weighted). d48: M4 vs. M8 (product likelihood).

Computed on raw (pre-resampling) probable distributions using a two-sided Mann–Whitney U
test. bold if |d| > 0.5. ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, ns not significant.

Table 5.11 shows the same comparison as Table 5.9 but for the additional metrics

shown in Figure 5.6 and Table 5.6.

A majority of the differences in mean (measured by Cohen’s D) are negligible or small

(|d| < 0.2 or 0.2 < |d| < 0.5). There are 13/18 cases in the same direction.

Most to least stringent likelihood formulations As shown in Table 5.2, the

product trajectory likelihood (M8) is the most stringent, as it requires scenarios to be

probable at each time step for both solar and wind electricity shares separately. Yearly

likelihoods (M6 and M7) are less stringent than trajectory likelihoods, as they consider

scenarios probable at each time step independently, without requiring consistency across

time steps.
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Table 5.10: Robustness of supplementary metric comparisons (probable vs. improbable)
across five likelihood methods (M4–M8). Direction of ∆Median is consistent across all
five methods in 83% of energy and 72% of supplementary year×metric cells, confirming
findings are not sensitive to the choice of likelihood methodology.

M4 M5 M6 M7 M8

Metric (Unit) Year ∆Med d ∆Med d ∆Med d ∆Med d ∆Med d

2030 -10.2 -1.42∗∗∗ -11.9 -1.79∗∗∗ -10.2 -1.42∗∗∗ -11.9 -1.79∗∗∗ – –
CO2 emissions (GtCO2/yr) 2050 -15.4 -1.17∗∗∗ -21.5 -1.69∗∗∗ -18.7 -1.13∗∗∗ -27.0 -1.52∗∗∗ – –

2100 -3.4 -0.68∗∗∗ -1.8 -0.64∗∗∗ -7.0 -0.75∗∗∗ -7.6 -0.78∗∗∗ – –

2030 -12.8 -1.46∗∗∗ -14.1 -1.84∗∗∗ -12.8 -1.46∗∗∗ -14.1 -1.84∗∗∗ – –
GHG emissions (GtCO2eq/yr) 2050 -18.0 -1.15∗∗∗ -23.7 -1.60∗∗∗ -21.3 -1.14∗∗∗ -29.4 -1.49∗∗∗ – –

2100 -3.5 -0.68∗∗∗ -1.8 -0.64∗∗∗ -8.0 -0.76∗∗∗ -8.0 -0.79∗∗∗ – –

2030 0.0 0.04ns 0.0 0.04ns 0.0 0.04ns 0.0 0.04ns 0.0 0.18ns

Warming (◦C) 2050 -0.2 -1.27∗∗∗ -0.3 -2.11∗∗∗ -0.1 -0.95∗∗∗ -0.3 -1.50∗∗∗ -0.2 -1.23∗∗∗

2100 -0.4 -0.92∗∗∗ -0.5 -1.35∗∗∗ -0.5 -0.68∗∗∗ -0.6 -0.86∗∗∗ -0.4 -1.16∗∗

2030 -7.0 -0.50∗∗∗ -8.0 -0.50∗∗∗ -7.0 -0.50∗∗∗ -8.0 -0.50∗∗∗ 1.0 0.05ns

Net-zero CO2 year (year) 2050 -8.0 -0.51∗∗∗ -16.0 -1.25∗∗∗ -8.0 -0.43∗∗∗ -19.0 -0.90∗∗∗ -9.0 -0.66∗∗

2100 -5.5 -0.43∗∗∗ -13.0 -1.41∗∗∗ 3.0 0.26ns -10.0 -0.23∗∗ -12.5 -0.53ns

Methods: M4: cumulative unweighted trajectory likelihood using sum-based solar+wind
likelihood, equal weights. M5: as M4 but resampled proportional to normalized cumulative
likelihood. M6: binary split at each year independently (likelihood > 0 vs = 0), equal weights.
M7: as M6 but resampled proportional to that year’s likelihood. M8: cumulative trajectory
likelihood using product-based likelihood (P (solar)× P (wind)), equal weights.

∆Med = median(probable) − median(improbable) in reported units. d = Cohen’s d (bold if
|d| > 0.5). ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, ns not significant (Mann–Whitney U , one-sided).

Table 5.11: Pairwise comparison of probable distributions for supplementary metrics
across likelihood methods. Cohen’s d comparing the raw (unweighted) probable scenarios
of each method against M4. Values near zero confirm that the probable sets are robust to
the method choice.

Cohen’s d (M4 vs. Mx)

Metric (Unit) Year d45 d46 d47 d48

2030 0.00ns 0.00ns 0.00ns –
CO2 emissions (GtCO2/yr) 2050 0.00ns -0.38∗∗∗ -0.38∗∗∗ –

2100 0.00ns -0.38∗∗ -0.38∗∗ –

2030 0.00ns 0.00ns 0.00ns –
GHG emissions (GtCO2eq/yr) 2050 0.00ns -0.36∗∗∗ -0.36∗∗∗ –

2100 0.00ns -0.38∗∗ -0.38∗∗ –

2030 0.00ns 0.00ns 0.00ns -0.13ns

Warming (◦C) 2050 0.00ns -0.53∗∗∗ -0.53∗∗∗ 0.24ns

2100 0.00ns -0.63∗∗∗ -0.63∗∗∗ 0.51ns

2030 0.00ns 0.00ns 0.00ns -0.30∗∗

Net-zero CO2 year (year) 2050 0.00ns -0.20∗∗ -0.20∗∗ 0.30ns

2100 0.00ns -0.42∗∗∗ -0.42∗∗∗ 0.23ns

d45: M4 vs. M5 (pathway weighted). d46: M4 vs. M6 (yearly unweighted). d47: M4 vs. M7 (yearly
weighted). d48: M4 vs. M8 (product likelihood).

Computed on raw (pre-resampling) probable distributions using a two-sided Mann–Whitney U
test. bold if |d| > 0.5. ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, ns not significant.
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In terms of difference from improbable scenarios (measured by Cohen’s D), the weighted

trajectory likelihood (M5) shows the largest differences for most metrics, while the

unweighted trajectory likelihood (M4) shows the smallest differences for energy metrics

(Table 5.8) and middle values for socioeconomic metrics (Table 5.10).

Comparing yearly and trajectory likelihoods Figure 5.10 complements Figure 5.1

by comparing the binary trajectory likelihood measure used in the main text to the yearly

consistency measure (the main text method without requiring consistency across time

steps). Differences between probable and improbable scenarios are similar to the main text.

Figure 5.10: Comparison of solar + wind electricity generation shares for AR6 scenarios
to the probabilistic forecast, using yearly consistency measure. probable scenarios are
shown in teal, improbable scenarios are shown in tan. (a) Solar PV share of electricity.
(b) Wind share of electricity. (c) Solar + wind share of electricity.

Notably, the yearly likelihood measure allows scenarios to leave the 95% prediction interval

at certain time steps while being consistent at others, whereas the trajectory measure

requires consistency across the full trajectory. The yearly measure therefore produces more

probable scenarios. In particular, the number of probable scenarios increases from 2040
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to 2100, indicating that some scenarios reach a probable level of solar + wind electricity

share but assume lower growth rates than the forecast.

Trajectory likelihood measures Figure 5.11 complements Figure 5.1 by comparing

the binary trajectory likelihood measure used in the main text to the unweighted trajectory

likelihood measure presented in Appendix 5.9.

Figure 5.11: Comparison of solar + wind electricity generation shares for AR6 scenarios
to the probabilistic forecast, using unweighted trajectory likelihood measure. probable
scenarios are shown in teal, improbable scenarios are shown in tan. (a) Solar PV share of
electricity. (b) Wind share of electricity. (c) Solar + wind share of electricity.

There are slightly fewer probable scenarios here compared to the main text. Overall

conclusions are similar, and the result holds across all formulations presented. 18% of

probable scenarios under this metric achieve net-zero by 2050, compared to 10% for the

main text binary trajectory measure. Similarly, the probability of limiting warming to

< 2◦C is > 90% for probable scenarios under this metric, compared to > 80% for the

main text binary trajectory measure. CCS deployment between the two subsets is less

significantly different under the unweighted trajectory measure: probable scenarios show

352



significantly lower median CCS deployment from 2080 onward, compared to 2060 under

the main text measure.

5.13.4 Results using electricity generation (PWh)

The main text focuses on shares. Here we show results using electricity generation

levels (using the main text method of distinguishing probable vs. improbable scenarios),

complementing the main text results using shares. We use an exogenously determined 2%

p.a. growth rate as a minimum, to account for growing energy demand after technology-

driven growth has stalled [284]. The resulting S-curve is thus growing in absolute terms

even when the share of solar and wind electricity generation is constant, as total electricity

generation grows. The S-curve (in analytic form, excluding noise terms) is defined as

Qi(t) =
Lie

gt(
1 + e−kiβ(t−t0,i)

)1/β (5.30)

where Qi(t) is the electricity generation level of technology i at time t, Li is the maximum

electricity generation level, ki is the growth rate , β is a shape parameter, and t0,i is the

inflection point, and g is the growth rate of total electricity generation. We set g = 0.02

following [284]. This is a conservative assumption for near-term projections, as it is below

the historical growth rate of total electricity generation of 3% p.a. (Based on analysis of

data from OWID [210]). Nonetheless, it allows us to test whether the main text results using

shares are robust to differences in total electricity generation across scenarios. Forecasts

are made using electricity generation data from OWID [210].

Figure 5.12 compares solar and wind electricity generation levels in AR6 scenarios to

the probabilistic forecast, complementing Figure 5.1 in the main text, which uses shares.

Comparing them shows how scenarios can have similar shares but different levels of solar

and wind electricity generation, depending on the total electricity generation. For example,
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Figure 5.12: Comparison of IMP’s solar + wind electricity generation levels for AR6
scenarios to the probabilistic forecast. Left panel shows solar + wind, middle panel solar,
and right panel wind. Shaded regions show 80% prediction interval (10% steps). Red lines
indicate high-warming scenarios; blue lines indicate illustrative mitigation pathways.

IMP-LD (low demand; blue line with square) scenario show high levels (near 75%) of

solar and wind electricity shares (See main text Figure 5.1), but low levels of solar and

wind electricity generation, due to low total electricity generation. Hence, in the main

text the IMP-LD scenario falls well within the 95% prediction interval for solar and wind

electricity shares, but in Figure 5.12, it falls below the 10% prediction interval for solar

and wind electricity generation levels after 2050. This illustrates how using shares can

mask differences in total electricity generation across scenarios, which may differ due to

factors such as demand growth and energy efficiency improvements.

Results using electricity generation (PWh) Figure 5.13 compares solar and

wind electricity generation levels in probable and improbable scenarios, complementing

Figure 5.1 in the main text, which uses shares. The patterns align with the main text,

with probable scenarios characterised by higher solar and wind electricity generation levels

compared to improbable scenarios. Similar to the main text, many scenarios lie well below

the median forecast. Here, scenarios lie well below the median, while in the main text,

some scenarios lie above the median. The discrepancy may indicate that historical growth
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(a) Probable vs. improbable AR6 scenarios

(b) Comparison to other scenarios

Figure 5.13: Comparison of solar PV, wind, and solar PV + wind electricity generation for
probable (teal) and improbable (tan) AR6 scenarios. Historical data (black squares) shown
for 2020–2024. Forecast median (grey diamonds), median of all AR6 scenarios (purple),
median of probable scenarios (teal). (a–c) Progression of probable and improbable AR6
scenarios over time. Histogram indicates solar+wind electricity share in 2070 coloured by
surface warming. (a) Solar PV + wind (main method), and the disaggregation into (b)
Solar PV, (c) wind electricity shares. The number of probable scenarios decreases over
time to 399 in 2070. (d) Median probable scenario trajectories (teal) compared to IEA
scenarios (pink, cyan) and Way et al. transitions (yellow, red).

of electricity generation (PWh) is faster than what the AR6 scenarios project. As such,

shares may be more consistent with the forecast than levels.
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The median forecast for solar and wind electricity generation levels initially lies below

the Way et al. [29] fast transition, but around 2040, the paths cross, unlike in the main

text where the median forecast lies consistently below the Way et al. fast transition. The

Way et al. fast transition assumes faster solar + wind growth from 2021-2024 than what

was realized. Hence, there may be a cascading effect where the forecast is lower than the

Way et al. fast transition in the near term. Furthermore, the Way et al. fast transition

assume a lower long-term growth rate of total electricity demand, which may explain why

the median forecast in levels lies above it from 2040 onwards, while in the main text, the

median shares forecast lies below it from 2040 onwards.

Figures 5.14 and 5.15 compare the evolution of key energy transition metrics for

probable and improbable scenarios using electricity generation levels, complementing main

paper Figures 5.2 and 5.6, which use shares.

These findings are consistent with the main text, with probable scenarios characterised

by higher total electricity generation, higher solar and wind electricity generation levels,

and lower fossil fuel electricity generation levels. CCS deployment differs significantly

between probable and improbable scenarios from 2070 onward, while in the main text, a

significant difference emerges at 2060. In levels, probable scenarios do not have data/do

not generate a lot of hydrogen from solar PV, while in shares they did. Surface warming

is limited to below 2◦C with approx. 80% probability in probable scenarios, compared

to approx. 50–60% in improbable scenarios, consistent with the main text results using

shares. Under levels, median net-zero year is marginally lower than for shares (main text).
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Figure 5.14: Boxplots comparing probable (teal) to improbable AR6 scenarios (tan).
Boxplots show median, 25th and 75th percentiles, and 10th and 90th percentiles. Stars
indicate significant differences based on Mann-Whitney U test. Grey box-plots represent
AR6 scenarios in 2020 and 2025, with the red dot marking the 2024 observed levels. (a)
Total electricity generation. (b) Fossil fuel electricity generation. (c) Solar and wind
electricity generation share. (e) Yearly carbon sequestration from CCS. (d) Blue hydrogen
(from fossil fuel incl. CCS) production (secondary energy). (f) Hydrogen production from
solar (secondary energy).
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Figure 5.15: Boxplots comparing probable (teal) to improbable AR6 scenarios (tan)
using electricity generation levels. Boxplots show median, 25th and 75th percentiles, and
10th and 90th percentiles. Stars indicate significant differences based on Mann-Whitney U
test. (a) GHG emissions. (b) CO2 emissions. (c) Surface warming. (d) Year of net-zero.
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5.13.5 Results using useful energy shares

Electricity accounts for only a subset of total energy demand, and also excludes end-use

energy losses. Useful energy can account for energy losses, while also providing a more

comprehensive measure of energy demand across sectors. Appendix 5.12 presents the

method for calculating useful energy shares. Here we show results using useful energy

shares, complementing the main text results using electricity generation shares.

Figure 5.16 compares solar and wind useful energy shares in AR6 scenarios to the

probabilistic forecast, complementing Figure 5.1 in the main text, which uses electricity

generation shares. Results are broadly consistent with the main text but the number

Figure 5.16: Comparison of solar + wind useful energy shares for AR6 scenarios to the
probabilistic forecast. probable scenarios are shown in teal, improbable scenarios are shown
in tan. (a) Solar + wind share of useful energy. (b) Solar share of useful energy. (c) Wind
share of useful energy.

of probable scenarios is slightly smaller. For example, in 2050, there are 246 scenarios

with trajectories inside the 95% prediction interval for solar + wind useful energy shares,

compared to 339 for electricity shares.
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Comaring to IMP scenarios using useful energy shares Figure 5.17 compares

solar and wind useful energy shares of the IMP scenarios, complementing Figure 5.4 in the

main text, which uses electricity generation shares.

Figure 5.17: Comparison of solar + wind useful energy shares for AR6 scenarios to
the probabilistic forecast, using useful energy shares. IMP scenarios are shown as lines,
coloured by SSP. Shaded regions show 80% prediction interval (10% steps). Red lines
indicate high-warming scenarios; blue lines indicate illustrative mitigation pathways.

Energy evolution in probable vs. improbable scenarios using useful energy

shares Figure 5.18 compares the evolution of key energy transition metrics for probable

and improbable scenarios using useful energy shares, complementing main paper Figure 5.2.

The patterns echo the main text, with probable scenarios characterised by higher electrifi-

cation, higher solar and wind useful energy shares, and lower fossil fuel shares. Fossil fuels

retain a small share of useful energy, likely because some end-uses are difficult to electrify

(e.g. hard-to-abate sectors such as heavy industry and transport) or are coupled with CCS.

CCS deployment does not differ significantly between probable and improbable scenarios at

any time point, unlike the main text result where a significant difference emerges at 2060.

Supplementary comparison using useful energy shares Figure 5.19 comple-

ments Figure 5.6 by comparing additional metrics for probable and improbable scenarios
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Figure 5.18: Energy transitions for probable and improbable AR6 scenarios using useful
energy shares. Boxplots show median, 25th and 75th percentiles, and 10th and 90th
percentiles. Stars indicate significant differences based on Mann-Whitney U test. (a)
Electricity share. (b) Solar PV share of electricity. (c) Wind share of electricity. (d)
Fossil fuel share of electricity. (e) Carbon Capture and Storage (GtCO2/yr). (f) Hydrogen
share of final energy from solar PV. (g) Hydrogen share of final energy from fossil fuels.

using useful energy shares. Notably, the probability of limiting warming to below 2◦C is

much higher in probable than in improbable scenarios, consistent with the main result.

Probable scenarios under the useful energy share measure show near 90% probability of

limiting warming to below 2◦C, while improbable scenarios show near 60%. Both values

exceed those in the main text using electricity generation shares.
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Figure 5.19: Boxplots comparing probable (teal) to improbable AR6 scenarios (tan)
using useful energy shares. Boxplots show median, 25th and 75th percentiles, and 10th
and 90th percentiles. Stars indicate significant differences based on Mann-Whitney U test.
(a) CO2 emissions. (b) GHG emissions. (c) Peak warming. (d) GDP. (e) Population. (f)
Year of net-zero.

5.13.6 Useful energy in levels.

As a robustness check, we also compare scenarios using useful energy levels. As for

electricity generation levels, here we use an exogenously determined 2% p.a. growth rate

as a minimum, to account for growing energy demand after technology-driven growth has

stalled (see Section 5.13.4 for details).
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Comparing probable vs. improbable scenarios using useful energy levels

Figure 5.20 shows that probable scenarios have higher solar and wind useful energy than

improbable scenarios, consistent with the main text results.

Comaring to IMP scenarios using useful energy generation Figure 5.21

compares solar and wind useful energy generation of the IMP scenarios, complementing

Figure 5.4 in the main text, which uses electricity generation shares.

Figure 5.22 compares the evolution of key energy transition metrics for probable and

improbable scenarios using useful energy levels, complementing the main paper Figure 5.2.

Results are broadly consistent with the main text. Probable scenarios project substantially

higher electrification than improbable scenarios, and the difference is more pronounced

than in the main text result using electricity shares, indicating that probable scenarios

feature not only higher shares but also higher absolute levels of solar and wind useful

energy.

In contrast to the main text, probable scenarios deploy marginally more CCS than

improbable scenarios in the median. Hydrogen from fossil fuels is also higher in probable

scenarios, while data on hydrogen from solar PV are absent in this subset.

Figure 5.23 shows additional metrics, complementing Figure 5.6 in the main text.

Scenarios consistent with solar + wind useful energy levels through 2070 reach a median

net-zero just after 2060, slightly lower than probable scenarios as measured by electricity

levels in Appendix 5.13.4, useful energy shares in Appendix 5.13.5, and electricity shares

in the main text. The probability of limiting warming to below 2◦C is slightly larger than

in the main text results, using electricity shares.

Small differences between electricity shares and levels, between electricity and useful

energy shares, and between useful energy shares and levels, suggest that the main text

results are robust to different measures of energy transition pathways. Yet the differences

363



(a) Probable vs. improbable AR6 scenarios

(b) Comparison to other scenarios

Figure 5.20: Comparison of solar PV, wind, and solar PV + wind useful energy for
probable (teal) and improbable (tan) AR6 scenarios. Historical data (black squares) shown
for 2020–2024. Forecast median (grey diamonds), median of all AR6 scenarios (purple),
median of probable scenarios (teal). (a–c) Progression of probable and improbable AR6
scenarios over time. Histogram indicates solar+wind useful energy share in 2070 coloured
by surface warming. (a) Solar PV + wind (main method), and the disaggregation into (b)
Solar PV, (c) wind useful energy shares. The number of probable scenarios decreases over
time to 180 in 2070. (d) Median probable scenario trajectories (teal) compared to IEA
scenarios (pink, cyan) and Way et al. transitions (yellow, red).

that do exist highlight the importance of considering multiple measures of energy transition

pathways, as they can provide complementary insights and reveal different aspects of the
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Figure 5.21: Comparison of solar + wind useful energy generation for AR6 scenarios
to the probabilistic forecast, using useful energy generation. IMP scenarios are shown as
lines, coloured by SSP. Shaded regions show 80% prediction interval (10% steps). Red lines
indicate high-warming scenarios; blue lines indicate illustrative mitigation pathways.

transition. For example, shares can mask differences in total energy demand and generation

levels across scenarios, while levels can provide a more comprehensive picture of the scale

of the transition. On the other hand, levels can be influenced by assumptions about total

energy demand growth, which may differ across scenarios. Useful energy can account for

energy losses and provide a more comprehensive measure of energy demand across sectors,

but it also requires additional assumptions and data to calculate.
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Figure 5.22: Energy transitions for probable and improbable AR6 scenarios using useful
energy levels. Boxplots show median, 25th and 75th percentiles, and 10th and 90th
percentiles. Stars indicate significant differences based on Mann-Whitney U test. (a)
Electricity share. (b) Solar PV share of electricity. (c) Wind share of electricity. (d)
Fossil fuel share of electricity. (e) Carbon Capture and Storage (GtCO2/yr). (f) Hydrogen
share of final energy from solar PV. (g) Hydrogen share of final energy from fossil fuels.
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Figure 5.23: Boxplots comparing probable (teal) to improbable AR6 scenarios (tan)
using useful energy levels. Boxplots show median, 25th and 75th percentiles, and 10th and
90th percentiles. Stars indicate significant differences based on Mann-Whitney U test. (a)
GHG emissions. (b) CO2 emissions. (c) Surface warming. (d) Year of net-zero.
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Chapter 6

Discussion

Chapters 3–5 established that S-curve fitting with partial data produces systematic un-

derestimation, that empirical regularities across 120 technologies enable well-calibrated

Bayesian forecasts, and that these forecasts favour rapid decarbonisation pathways over the

IAM consensus. This chapter interprets these findings, discusses their policy implications,

identifies limitations, and outlines directions for future research.

6.1 Interpretation of Results

6.1.1 Are S-curves adequately usable?

Chapter 3 offers a statistical explanation for why renewable deployment forecasts may

have been systematically underestimated [28], and why they vary so much [31]. Even

when fitting the correct functional form, or even the correct noise model, the S-curve

fitting process itself produces downward bias when only early diffusion data are observed.

Consequently, fitting S-curves to early data, for example as done in energy forecasting and

projections, can systematically mislead and underestimate future adoption.

The underestimation bias identified in Chapter 3 is a statistical property of S-curve

fitting with partial data that applies to any diffusion process. This has a subtle but

important consequence: if practitioners across different domains have historically fitted
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S-curves to early data and anchored their expectations to the resulting (downward-biased)

projections, this creates a systematic tendency to underestimate the speed and scale of

diffusion processes more generally.

The implications cut both ways. For beneficial processes, such as renewable energy

deployment, vaccine adoption, or electric vehicle uptake, underestimation leads to underin-

vestment in supporting infrastructure and missed opportunities for early action. If forecasts

systematically underestimate renewable deployment, policymakers may underinvest in

grid infrastructure, such as additional transmission and storage to accommodate more

variable renewables, and overinvest in fossil fuel capacity and infrastructure that becomes

stranded (Section 6.2 discusses the policy consequences in detail). For harmful processes,

such as epidemic spread, invasive species, or misinformation, the same bias produces

dangerous complacency. For example, public health responses calibrated to underestimates

of viral spread lead to insufficient healthcare capacity and delayed interventions. Similarly,

underestimating the adoption rate of AI could lead to insufficient investment in education

and workforce retraining. Addressing underestimation bias is therefore not merely an

academic exercise but has tangible consequences for how societies plan and invest. The

debiasing method proposed in Chapter 3 offers a general diagnostic for any field that relies

on S-curve extrapolation from early-stage data, while the Bayesian framework developed in

Chapter 4 provides a more robust alternative that explicitly quantifies uncertainty rather

than relying on potentially misleading point estimates.

From structural bias to calibrated inference. The existence of structural un-

derestimation bias does not render S-curves unusable; rather, it changes how they must

be interpreted. Deterministic early-stage S-curve fits should not be treated as neutral

forecasts but considered with appropriate caution in light of downward bias and high

variance when using simple NLLS fitting procedures. Chapter 3 shows that the problem is
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not incorrect model choice but incomplete information: asymptotic parameters are weakly

identified during exponential growth, creating shrinkage toward conservative estimates.

This reframes S-curve practice from curve-fitting toward uncertainty quantification. The

appropriate response is not abandonment, but calibration.

Chapter 4 demonstrates that by explicitly modelling parameter uncertainty within a

Bayesian framework, S-curves can transition from fragile point forecasts to probabilistically

robust inference tools. Empirically grounded regularities across technologies, combined with

out-of-sample validation and calibration diagnostics, enable clear quantification of forecast

quality that reflects both structural uncertainty and historical diffusion patterns. Wide

credible intervals during early exponential growth are not forecasting failures but honest

representations of limited information. As new data accumulate, posterior distributions

update coherently, making the framework adaptive and self-correcting rather than anchored

to a single trajectory.

6.1.2 What probabilistic forecasts reveal

Chapter 4 analysed empirical regularities across 120 technologies and showed that tech-

nologies across sectors and time periods share common diffusion properties. Technology

diffusion is systematically asymmetric, with adoption initially growing exponentially from

early uptake. The practical consequence of the findings is that the exponential growth

phase, where deployment increases fastest and uncertainty is greatest, is also the phase

where forecasts matter most for planning. Technologies observed only during this phase

are simultaneously the hardest to forecast and the most consequential to get right.

Solar and wind sit precisely in this critical window. Chapter 4 showed that both

remain in early exponential growth, with median projections exceeding IEA Net Zero 2050

targets. The wide credible intervals (median ∼80 PWh for solar by 2050, 90% interval

13–470 PWh) do not indicate poor forecasting but rather honestly quantify the range of
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outcomes consistent with historical diffusion patterns at this stage. Deterministic point

forecasts, whether from IAMs or expert panels, project comparable uncertainty but conceal

it behind a single number. The Bayesian framework makes this uncertainty explicit,

enabling decision-makers to plan across the distribution rather than anchoring to a single

trajectory. Crucially, probabilistic forecasts with stated credible intervals are inherently

falsifiable: as new data accumulate, one can directly test whether calibration holds, making

the methodology self-correcting in a way that conditional what-if scenarios are not.

Interpreting the apparent acceleration of diffusion over time. Chapter 4

finds that fitted growth rates k rise approximately exponentially with the year of first

observation, suggesting that more recent technologies diffuse faster. This finding admits at

least two non-mutually-exclusive interpretations. The first is mechanistic: globalisation,

denser communication networks, and faster information flow plausibly accelerate social

contagion [439], so later technologies genuinely diffuse faster because the underlying network

supports faster spread. The second is compositional: Wilson et al. [211] argue that more

granular technologies (small unit size, modular, mass-manufacturable) diffuse faster than

bulky technologies that require large lump-sum investment. Historical samples, including

ours, are dominated by bulkier infrastructure-heavy technologies, while recent samples

include more granular consumer products and modular renewables. If granular technologies

systematically diffuse faster and their share of the dataset rises with time, the time trend

in k partly reflects this compositional shift rather than a mechanism in which calendar

time itself accelerates diffusion. Distinguishing these two explanations would require a

dataset stratified by granularity and time, which is an open empirical task. The practical

implication is that extrapolating the time trend in k forward should be done with care: it

may be partly driven by which technologies entered the historical record rather than by a

universal trend in adoption speed.
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Empirical grounding versus expert judgment. IAM renewable deployment

assumptions often reflect expert judgment about resource constraints and integration

challenges rather than extrapolation from empirical learning curves and diffusion patterns.

As documented in Section 2.2, experts systematically underestimate uncertainty and

exhibit anchoring bias [25], leading to conservative growth assumptions that underweight

exponential dynamics. Chapter 4 addressed this by grounding forecast methods in empirical

regularities and implementing quasi-empirical priors to inform the asymptote rather than

eliciting expert beliefs. Prior specification still requires choices and thus does not eliminate

judgment, but it makes those choices transparent and empirically grounded rather than

implicit in expert-driven scenario assumptions.

6.1.3 Probabilistic forecasts as complement to IAM scenarios

The literature review (Section 2.3) established that IAM scenarios present deterministic

pathways without probabilistic uncertainty quantification, which systematically underes-

timate renewable deployment, and lack empirical validation against historical diffusion

patterns. This thesis develops Bayesian S-curve forecasting as a complementary tool

addressing these limitations while acknowledging fundamental differences in purpose and

scope.

From what-if to how-likely. IAM scenarios explore conditional pathways under

different assumptions [38], answering questions like what happens if we impose carbon pricing

of $100/ton? They deliberately vary technological, economic, and policy assumptions to

explore possible futures [233]. Probabilistic S-curve forecasts instead quantify likelihood

based on empirical diffusion regularities, answering how probable is continued exponential

growth? or what is the 90% credible interval for 2050 solar capacity given historical

patterns? One is a what-if exploration tool; the other is a data-driven likelihood assessment.
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Combining them allows one to evaluate which what-if scenarios are also ”likely” given

historical evidence, and which require unprecedented departures from historical patterns.

It is worth emphasising that the Bayesian forecasts of Chapter 4 are themselves conditional :

they are conditional on the historical data, the chosen functional form, and the prior. In

the IPCC sense (see introduction terminology), they are therefore closer to probabilistic

projections than to unconditional predictions, with the important difference that the

conditioning is on empirical regularities rather than on stipulated policy or socio-economic

assumptions. This positions them as a probabilistically calibrated complement to IAM

scenarios rather than as a categorically different object.

The probabilistic assessment allows one to evaluate which IAM assumptions align with

empirical evidence (likely) versus which embody speculative departures (non-likely). For

instance, when IAM scenarios impose exogenous constraints such as floor costs, limiting

solar growth rates despite empirical learning curves showing consistent cost reductions,

probabilistic forecasts quantify how this assumption departs from historical regularities. The

framework does not replace scenarios but disciplines them. Transparently distinguishing

scenarios that extend historical trends from those that contradict can help reduce systematic

bias in how scenario ensembles are used for policy guidance.

Complementarity with IAM scenarios. The approaches serve different roles.

IAM scenarios inform which futures are technically feasible given policy interventions and

behavioural change; probabilistic forecasts assess which are historically plausible given

observed diffusion patterns. IAM scenarios can model policy discontinuities, behavioural

transformations like the IMP-LD 40% energy demand reduction [68], structural breaks,

and technology interactions that probabilistic S-curve forecasts cannot capture (Section

6.3 discusses these methodological boundaries in detail). Conversely, IAMs appear to lack

sufficient empirical grounding and uncertainty quantification that probabilistic forecasts
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provide. Together the two approaches identify futures that are both technically feasible

and empirically supported—a narrower, more policy-relevant set than either produces alone

(Section 6.2 discusses how this filtered subset enables more targeted policy analysis). More

broadly, this complementarity extends to socio-technical transitions theory: the multi-level

perspective [199] explains how and why transitions unfold through niche-regime-landscape

interactions, while S-curve forecasting quantifies how fast and how far the aggregate

outcome proceeds. Models such as the FTT framework [259, 260] already demonstrate that

logistic substitution dynamics can operate within system-level scenario models, though the

trade-offs involved are discussed in Section 6.3.

6.1.4 Ensemble composition as anchoring bias

Chapter 5 revealed that scenarios most consistent with empirically grounded solar and

wind forecasts sit at the optimistic tail of the AR6 ensemble. Although the IPCC explicitly

states that AR6 scenarios carry no attached likelihoods, in practice policymakers and

investors likely anchor their expectations to the ensemble centre and treat outcomes near

the tails as implausible. Rapid decarbonisation pathways, which this thesis identifies as the

most empirically supported, are therefore likely to be dismissed as unrealistically ambitious,

even when historical diffusion patterns suggest otherwise.

This finding invites a meta-interpretation: the perceived implausibility of rapid decar-

bonisation is partly an artefact of ensemble composition rather than evidence against such

pathways. If scenario modellers investigated more high-growth pathways, the ensemble

centre would shift. Scenarios previously labelled as optimistic outliers appear central,

despite no change to other individual scenarios. The scenarios do not become more or

less plausible; only their position within the ensemble changes. This is anchoring bias

operating not through individual expert judgment but through the structural composition

of the scenario ensemble that decision-makers treat as the range of reasonable futures.
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Section 6.2 discusses the policy consequences of this effect. The same reflexivity applies

to probabilistic forecasts: if decision-makers anchor to our finding that rapid deployment

is empirically likely, this could become self-reinforcing, just as pessimistic IAM scenarios

may have discouraged ambition. Forecasts shape the expectations that produce outcomes,

and this performativity should be acknowledged even when correcting a systematically

pessimistic anchor is beneficial. The IPCC is explicit that the AR6 scenario set is an en-

semble of opportunity rather than a probability distribution, and cautions against treating

its spread as such [234]. In practice, however, ensembles assembled to span the literature

can still be treated as approximate distributions by downstream users; if the underlying

literature is itself systematically skewed, those approximate distributions inherit the skew.

Acknowledging this in scenario communication, as the IPCC does, is necessary but is

unlikely to be sufficient on its own to neutralise the anchoring effect.

6.2 Policy Implications

The results in this thesis have direct consequences for energy policy, infrastructure planning,

and how scenario ensembles inform decision-making.

6.2.1 Policy Agnosticism Does Not Mean Policy Irrelevance

The methods employed in this thesis are policy-agnostic. The forecasts are not conditional

on specific policy assumptions but reflect the distribution of outcomes consistent with

historical diffusion patterns. This raises an important question: if rapid renewable deploy-

ment is empirically plausible without specifying which policies enable it, does policy still

matter?

It does. As the Lucas critique suggests, policies that affect the parameters of the

diffusion model also affect the forecasts. Historical diffusion patterns already embed the
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effects of past policies, such as subsidies, mandates, R&D investment, so the forecast

distribution reflects outcomes under the historical range of policy environments. Where

future policies fall within that range determines where the realised trajectory sits within the

forecast distribution. Policies supporting rapid growth push the realised trajectory toward

the upper tail, while insufficient policies may push it toward the lower tail. The climate

consequences differ substantially: results from Chapters 4 and 5 suggest that the AR6

scenarios in the lower tail of the forecast distribution could still produce 2.5◦C warming,

while the upper tail limits warming well below 2◦C.

Specific policy levers may map onto model parameters. Renewable energy subsidies

and deployment mandates affect near-term growth rates (ki in the model of Chapter 4).

Governmental support for grid expansion may increase the renewable capacity the grid can

accommodate, affecting the asymptote parameter (Li). Baumgartner and Farmer [410]

demonstrate that learning rates vary by country, particularly for wind, suggesting that

country-specific effects and policies can accelerate deployment and cost reductions. Tankwa

et al.[450] show that policies have had a significant effect on solar PV growth rates.

When Chapter 5 finds that scenarios consistent with empirically grounded solar and

wind forecasts indicate a >80% probability of limiting warming to 2◦C, this should not

be interpreted as no policy action needed. Rather, it means if policies sustain historical

deployment trends, rapid transitions are empirically probable. Empirical plausibility estab-

lishes feasibility but does not guarantee realisation without appropriate institutional and

political conditions. Institutional barriers, such as fossil fuel industry resistance, regulatory

inertia, or financing constraints, may prevent realisation even when rapid deployment is

empirically probable. Probabilistic forecasts quantify technical probability given historical

diffusion patterns but remain silent on the political feasibility of sustaining those patterns.
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6.2.2 Risk-Based Infrastructure Planning

Imagine a scenario-based planning approach that designs infrastructure for discrete path-

ways: build for 30% renewables by 2030 under Scenario A. Probabilistic forecasts enable

risk-based design using credible intervals. For example, one may plan transmission networks

for 25–45% renewables to be robust across plausible outcomes. Chapter 4 demonstrated

that solar forecasts provide a median of ∼80 PWh useful energy generation by 2050 (90%

interval 13–470 PWh), allowing grid planners to assess which investments yield benefits

across the full predictive distribution rather than betting on a single scenario. If the

10th percentile forecast exceeds current expansion plans, planners face measurable under-

investment risk. Chapter 5 showed that scenarios consistent with empirically grounded

forecasts imply a significant decline in fossil fuel share by 2050, informing stranded asset

risk assessment for pension funds and fossil-dependent economies.

6.2.3 Cost Implications and the Economics of Transition

Chapter 4 found that solar and wind growth rates consistent with historical diffusion pat-

terns would exceed Net Zero 2050 targets, while Chapter 5 showed these rapid deployment

pathways are consistent with limiting warming below 2◦C. This directly suggests that the

observed learning-curve-driven cost reductions make rapid transition likely (in the sense of

empirically consistent with solar PV and wind forecasts). Further, combining our results

with those from Way et al. [29] challenges the IAM consensus that mitigation is necessarily

costly, instead suggesting that rapid transitions are economically favourable; a conclusion

grounded in empirical cost data rather than expert priors about future technology limits.
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6.2.4 The Ensemble Anchoring Problem

The ensemble anchoring bias identified in Section 6.1 has direct policy consequences.

Infrastructure investment, national emissions pledges, and corporate strategy are all shaped

by which futures the scenario ensemble treats as mainstream.

Chapter 5 already provides a practical tool for addressing this: by filtering the AR6

ensemble against empirical forecast distributions, it narrows hundreds of scenarios to an

empirically grounded subset. This subset enables more targeted policy analysis than the full

ensemble permits; specific investment requirements, infrastructure expansion timelines, and

stranded asset exposure can be assessed across a range of futures that historical diffusion

patterns actually support, rather than across the entire (structurally biased) ensemble.

At the ensemble level, scenario modellers and assessment bodies should actively solicit

scenarios built on empirically grounded diffusion assumptions. Way et al.[29] demonstrate

that including rapid economic growth combined with rapid renewable deployment produces

scenarios where ambitious decarbonisation is both economically and empirically plausible.

Including more such pathways would recentre the ensemble, making rapid-deployment

scenarios appear central rather than extreme. Policymakers and investors need to be

informed that the current ensemble centre reflects which scenarios modellers happened

to submit, not a probability-weighted assessment of likely futures. This matters because

countries that lead in renewable deployment also tend to lead more broadly in technology

adoption and benefit most economically from transitions [204]; the current ensemble

structure may actively discourage the early-mover strategies that historical evidence

suggests would be most rewarding.
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6.3 Limitations

This thesis makes several methodological and empirical choices that constrain scope and

introduce limitations. Understanding these boundaries is essential for interpreting results

and identifying avenues for future research.

6.3.1 Data Limitations

Selection bias toward successful technologies. The multi-technology dataset

used in Chapter 4 consists predominantly of technologies that successfully diffused to

maturity, creating survivorship bias: failed technologies that follow different diffusion

patterns are underrepresented. Nonetheless, some technologies that start diffusion but

fail to become as successfully adopted as one may expect (such as Nuclear power), are

still included in the dataset. Many candidate technologies fail before reaching widespread

adoption, and these failures plausibly contain information about the conditions, network

structures, and economic regimes under which diffusion stalls. Studying failed technologies,

alongside successful ones, would inform the boundary between conditions that produce

S-curve growth and those that do not, and may sharpen forecasts for nascent technologies

that have not yet declared themselves successful or failed.

Limited data in tails. Many technologies in the dataset have sparse observations

during the critical early exponential growth phase, or later diffusion stages. This means that

the empirical regularities identified, such as the superior fit of an asymmetric s-curve are

primarily informed by data from the middle diffusion stages, where most technologies have

more observations. The early and late stages, which are crucial for forecasting, defining

patterns, and understanding saturation mechanisms, are less well represented. Better data

on the very earliest stages of diffusion, before a technology declares itself a clear winner,

remains an open empirical priority: it is precisely in this regime that forecasts are most
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consequential and least well constrained.

Data quality and consistency. Technology adoption time-series exhibit inconsisten-

cies across data sources, measurement methodologies, and geographic aggregation levels.

A single technology may be represented in absolute terms or relative shares. For example,

solar PV deployment can be measured in installed capacity (GW), generation (TWh), or

share of electricity. These measurement choices influence the shape and estimated parame-

ters of fitted S-curves, complicating cross-technology comparisons and model specification.

Mixing data from different sources with varying quality and definitions may introduce

additional noise or systematic bias into the analysis, raising the question of how much

of the observed regularities reflect underlying diffusion dynamics rather than artefacts of

measurement heterogeneity.

Due to data scarcity, this thesis does not attempt to harmonize all datasets exhaustively.

However, extensive backtesting, sensitivity analyses, and robustness checks indicate that

the core findings are not sensitive to reasonable variations in prior, training-test split, or

small changes in model parameters. The presence of consistent cross-technology regularities

despite heterogeneous measurement conventions suggests that the results are unlikely to be

driven solely by measurement artefacts. In particular, strong out-of-sample performance

indicates that the models capture stable predictive structure rather than overfitting

idiosyncratic measurement noise.

Analyzing only AR6 scenarios. In Chapter 5, the thesis evaluates the plausibility

of IPCC AR6 scenarios against historical diffusion patterns. This focus on a single scenario

ensemble limits generalizability: other scenario sets (e.g., IEA, Shell, Greenpeace) may

have different assumptions and distributions of technology trajectories. While we briefly

compare to IEA scenarios, a more comprehensive multi-ensemble analysis would strengthen

conclusions about the general plausibility of rapid decarbonisation pathways. However, the
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AR6 ensemble is the most widely used for policy guidance, making it a natural starting

point for this analysis.

6.3.2 Methodological Limitations

S-curve fitting bias Chapter 3 identifies a systematic downward bias in S-curve fitting

when only early diffusion data are observed. This bias is a statistical property of the fitting

process rather than a reflection of any particular technology or domain. The debiasing

method offers a remedy, but relies on critical assumptions about the noise model and

functional form. If these assumptions are violated, the correction may be inaccurate. In

high noise low data environments, the bias may be more severe and harder to correct,

making early-stage forecasts particularly challenging for the debiasing method.

Furthermore, this begs the question, to what extent are the results in Chapter 4 affected

by this bias. The Bayesian framework partially mitigates this by incorporating uncertainty

and allowing for a range of trajectories. The backtesting validation also provides some

reassurance that forecasts are not systematically biased. However, the bias may still be

present for forecasts made for solar PV and wind (especially solar PV), which remain in

early exponential growth phases.

Single S-curves and the assumption of technology independence. The

framework forecasts each technology along a single S-curve, treating its growth as inde-

pendent of other technologies in the system. This is a strong simplification: solar PV

and wind compete for shares of the same electricity market, while also acting as comple-

ments (e.g. diurnal/seasonal balancing, both benefiting from grid expansion and storage).

Substitution-based frameworks such as the Fisher–Pry logistic substitution model [37]

and the FTT framework [259, 260] represent these interactions endogenously, generating

coupled dynamics that single-technology S-curves cannot. The independence assumption is
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therefore most defensible during the early growth phase examined here, where the relevant

constraint is the asymptote L of each technology rather than competition for a shared share.

As renewables approach saturation in the electricity mix, however, substitution effects

with each other and with fossil incumbents will become first-order, and the single-S-curve

framing will break down. Coupling distributional S-curve forecasts with substitution

dynamics is a natural extension (Section 6.4).

Computational inference method. Chapter 4 employs Metropolis-Hastings MCMC,

which converges more slowly than modern gradient-based samplers (HMC, NUTS) for

high-dimensional or strongly correlated parameter spaces. For the 3–5 parameter models

used here this is adequate, but extensions to fully hierarchical multi-technology models

would benefit from probabilistic programming frameworks (e.g. PyMC) that implement

more efficient samplers and facilitate model specification. The choice of MCMC method

does not affect the validity of results but may limit scalability and computational efficiency

for more complex models.

Model specification and functional form. The thesis focuses on parametric

S-curve models (logistic, Gompertz, B-R) that assume monotonic growth toward a fixed

saturation level. This excludes multi-stage dynamics. Chapter 4 finds that the B-R curve

with β ≈ 2/3 provides superior fit and backtesting-performance across 120 technologies

compared to logistic (β = 1) or Gompertz (β → 0). Nonetheless, individual technology

variation in β is not fully explained, and the thesis selects B-R based on fit rather than

implementing Bayesian model averaging (BMA) across specifications.

Single-model selection and model uncertainty. Selecting a single functional

form rather than implementing BMA [153, 451] risks underestimating forecast uncertainty:

the posterior predictive distributions quantify parameter uncertainty conditional on the
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chosen model but ignore model uncertainty. When different S-curves fit historical data

similarly yet imply divergent long-term trajectories, selecting only one fails to reflect this

structural uncertainty. Comparing three candidate models and selecting the best-fitting one

also introduces specification search bias [180]: the reported fit may overstate true predictive

accuracy. Chapter 4 partially mitigates both concerns through extensive out-of-sample

hindcasting validation, but results of cross-technological validation may be subject to

average performance across technologies rather than reflecting the true uncertainty for any

given technology.

Prior specification and sensitivity. The quasi-empirical Bayesian approach devel-

oped in Chapter 4 grounds priors in data together with some subjective judgment. For

well-observed technologies, posterior distributions are data-dominated and prior-insensitive.

For nascent technologies with limited data, however, prior choices substantially influence

forecasts. Hence, forecasts for technologies at early diffusion stages (e.g., solar PV, wind)

are more sensitive to prior specification, and the wide credible intervals reflect this uncer-

tainty. While Chapter 4 includes sensitivity analyses showing that forecasts are robust

to reasonable variations in prior parameters, it also shows that extreme prior choices can

produce implausible forecasts, underscoring the importance of careful prior specification

and transparency about assumptions.

The empirical Bayes approach also makes double use of the data. For example we

use the last observed data point to normalize the time-series to contain values between

0 and 1 in the training set. Then we set the location parameter of the prior distribution

for the asymptote parameter L, and use the same data point again in the likelihood when

fitting the model to that technology. This can lead to overfitting and underestimation of

uncertainty[145], since the data inform both the prior and the likelihood [137]. A fully

Bayesian hierarchical model would address this by jointly estimating hyperparameters and
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technology-level parameters, but at greater computational cost.

Conditionality of scenario plausibility assessments. The plausibility assessment

of IPCC AR6 scenarios in Chapter 5 is inherently conditional on the forecasts produced in

Chapter 4: because the filtering criterion uses solar and wind forecasts as the empirical

benchmark, scenarios identified as most plausible are by construction those with high

solar and wind deployment. Chapter 4 demonstrates well-calibrated forecasts across 120

technologies, providing empirical justification for this benchmark, but the analysis should be

understood as a first step applying the methodology to two critical technologies. Extending

the framework to additional technologies and incorporating system-level dynamics, as

outlined in Section 6.4, may reveal additional intricacies beyond those captured by solar

and wind alone.

Warming outcomes are inherited from AR6, not independently modelled.

The probability of limiting warming below 2◦C reported in Chapter 5 is conditional on more

than the renewable forecasts. We filter AR6 scenarios by their solar and wind trajectories

and then read off the warming outcomes those scenarios already report; we do not separately

model the carbon cycle, non-CO2 forcing, climate sensitivity, or the deployment trajectories

of negative-emission technologies (BECCS, DAC, afforestation). The likely subset’s warming

distribution therefore inherits the AR6 ensemble’s representation of these processes. If

AR6 systematically misrepresents CDR feasibility or carbon-cycle feedbacks, the warming

outcomes within the likely subset would shift accordingly. The diffusion-based filter is

informative about the empirical plausibility of the renewable side of each scenario, not

about the climate-system response, and the warming claims should be interpreted with

this division of labour in mind.
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6.3.3 Scope Limitations

Energy system complexity. The thesis focuses on technology-level S-curve fore-

casting without explicitly modelling energy system feedbacks, infrastructure constraints,

or policy dynamics. Chapter 5 applies solar + wind S-curve forecasts to assess IPCC

scenario plausibility, but does not account for: (1) other novel and potentially disruptive

technologies; (2) grid integration constraints (transmission capacity, storage requirements,

grid stability); (3) supply chain and manufacturing scale-up (mineral supply chains, skilled

labour); (4) cost-deployment feedbacks (learning curves creating positive feedbacks not

endogenised in the forecasting framework); (5) policy endogeneity (successful technolo-

gies attracting subsidies and mandates, creating two-way causality); or (6) social and

behavioural dynamics (heterogeneous consumer preferences, social network effects, and

threshold/cascade dynamics). These factors may crucially determine real-world diffusion

trajectories and thus the applicability of S-curve forecasts for energy transition planning.

The thesis establishes a baseline for technology diffusion forecasting and assessing scenario

plausibility through determining feasibility of AR6 scenarios. This approach relies on the

AR6 scenarios sufficiently spanning the space of plausible futures.

Geographic aggregation. Most analyses operate at global aggregation levels following

Way et al. [29], maximising sample size for cross-technology comparisons. This obscures

geographic variation: Denmark has achieved 40% wind penetration and Norway 80%

EV market share, far exceeding global averages, while renewables deployment in some

developing nations lags behind. Global aggregation also conflates demand-side adoption

with supply-side manufacturing (e.g., Chinese solar PV production vs. global deployment)

and obscures policy shocks in major economies. This thesis prioritises establishing universal

diffusion properties globally before addressing geographic heterogeneity.
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Technology scope. The thesis focuses primarily on electricity generation technologies

(solar PV, wind) and electric vehicles. Other critical decarbonisation technologies such as

energy storage, industrial decarbonisation (steel, cement, chemicals), negative emissions

(direct air capture, BECCS), and emerging technologies (advanced nuclear, enhanced

geothermal, green hydrogen), receive less attention. This selective focus reflects data

availability and the centrality of renewable electricity to energy transitions, but means

conclusions about overall transition pathways should be interpreted with caution. The

diffusion patterns of other technologies may differ, and their interactions with solar and

wind could crucially shape transition trajectories.

6.3.4 Structural Stability and Future Growth Behaviour

Mentioned previously, Lucas [452] argues that forecasting methods relying on historical

data assume structural stability: that the underlying processes generating the data remain

consistent over time. If future diffusion dynamics differ fundamentally from historical

patterns due to novel technologies, unprecedented policy interventions, or transformative

social changes, then forecasts based on past data may be systematically inaccurate. As

Paltsev [246] observes, if history is any guide, energy scenarios overestimate the extent to

which the future will look like the recent past.

Four specific challenges arise. (1) saturation mechanisms : renewable saturation could be

driven by electricity demand limits, land availability, grid stability, or political acceptability.

(2) non-stationarity : the models assume stationary parameters (L, k, β), but structural

breaks, such as China’s solar PV manufacturing scale-up or future policy shocks, could

induce regime shifts; or as per Tankwa et al. [204] policy changes yearly growth rates

(i.e. affecting ki). Chapter 4’s oil crisis backtest showed some robustness to historical

shocks, but unprecedented disruptions may differ in magnitude. (3) technology interactions :

the thesis forecasts individual trajectories without modelling complementarities (solar
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and storage) or substitution effects (renewables displacing coal), which may crucially

determine outcomes. Network substitution models such as FTT [259, 260] address this by

modelling competitive dynamics endogenously (Section 2.3). This thesis instead prioritises

parsimony and calibration over system-level complexity. (4) unprecedented diffusion speed :

solar PV and wind are diffusing faster than any historical energy technology, resembling

consumer electronics more than traditional energy transitions [211]. If these technologies

are genuinely unprecedented, their resulting adoption shape may differ fundamentally from

historical patterns, making forecasts based on past data less reliable, and cross-technological

regularities less applicable.

This limitation is shared by all data-driven forecasting methods. The approach adopted

in this thesis is more empirically grounded than IAM expert judgment and quantifies uncer-

tainty probabilistically rather than deterministically [23, 30]. Nonetheless, the assumption

of structural stability represents an epistemological limitation that should inform how

results are applied under deep uncertainty.

6.3.5 Aggregation Level and the S-Curve Assumption

This thesis relies on the assumption that technologies, broadly defined to include social,

economic, and institutional innovations, follow S-curve diffusion patterns at some aggrega-

tion level. In the appendix to Chapter 5, we demonstrate that the sum of two or more

S-curves most likely does not follow an S-curve. This is an important limitation: if some

aggregation level, be it cross-country, cross-technology, or cross-sector, presents the true

unit at which diffusion follows an S-curve, then any other aggregation level would likely

not.

The implications reach across the whole thesis. Chapter 3 relies on the assumption that

some underlying diffusion process follows an S-curve, though not on a specific functional

form. Chapter 4 gathers data on 120 technologies across multiple sectors, countries, and
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aggregation levels. For example, the dataset contains mobile phones and computers, which

share underlying components, raising the question of whether the components or the

final products represent the appropriate S-curve unit. Country-level and global-level data

are also mixed, raising the question of whether diffusion follows S-curves at the country

level, global level, or some intermediate level. Chapter 5 evaluates IPCC AR6 scenarios

using individual technology forecasts, then sums them. If solar PV and wind individually

follow S-curves, their combined generation likely does not. For the sake of applying

forecasts, Chapter 5 makes the strong and unrealistic assumption that the technologies are

independent, or that any interdependencies are captured in the historical data.

Are S-curves a good approximation? At what level of aggregation do S-curves

emerge, and can we distinguish levels where S-curves are a good approximation from those

where they are not? Noisy data may make it empirically difficult to distinguish between

these levels. Developing methods to identify the appropriate aggregation level for S-curve

modelling would enhance the applicability of the framework and represents an important

avenue for future research.

The thesis limits itself to parametric S-curve models and does not explore alternative

functional forms. It therefore makes no claim that S-curves are the right model for all

technology diffusion. Rather, it documents the remarkable cross-technological empirical

regularities and predictive power that S-curves provide within the domains examined.

6.3.6 Mechanistic Understanding: Observation versus Ex-

planation

This thesis observes empirical S-curve patterns, characterises regularities across technologies,

and develops probabilistic forecasting methods based on these regularities. It does not

explain why technologies follow specific S-curve shapes. Formal derivation of specific
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functional forms (e.g., B-R curve with β ≈ 2/3) from underlying social, economic, or

network processes remains an open challenge (Section 2.1 reviews candidate mechanisms).

Testing whether frameworks like complex contagion or economic transition theories can

formally predict observed diffusion parameters would advance understanding beyond

empirical description toward causal explanation, but exceeds the scope of this thesis.

6.4 Future Directions

Sections 6.1–6.3 suggest three broad avenues for future work: extending the scope of the

forecasting approach, refining the inference methodology, and integrating the framework

with system-level energy transition models.

6.4.1 Extending Scope and Granularity

Regional heterogeneity. This thesis’s global focus obscures substantial geographic

variation in diffusion rates and saturation levels. Hierarchical models that nest country-

level S-curves within global distributions could share information across regions while

permitting heterogeneous parameters driven by resource endowments, policy environments,

and infrastructure constraints. Such models would enable more granular policy analysis.

For example, it could be used to assess the plausibility of rapid solar deployment in India

or offshore wind expansion in Europe, and reveal how regional trajectories combine to

produce global outcomes.

Broader applications and model adequacy. This thesis focuses its application on

energy generation, but the S-curve framework may extend to demand-side transformations

such as heat pumps and energy efficiency measures, enabling a better assessment of scenarios

like the IMP-LD 40% which assumes major technology induced demand reductions [68].

S-curve dynamics also appear in behavioural adoption (e.g., electric vehicles), social
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movements (e.g., divestment campaigns), and epidemiological processes (e.g., vaccination

uptake). These domains involve fundamentally different generative mechanisms. Network

externalities and supply-side constraints for technologies, and social learning for behavioural

norms, or biological contagion for epidemics. This raises a deeper question: when do

S-curves emerge from first principles, and when do they fail? Whether the B-R curve

with β ≈ 2/3 finding generalises beyond technology would clarify whether it reflects a

universal property of diffusion or a contingent feature of the technology dataset. Answering

this requires both theoretical work, such as deriving S-curve parameters from micro-level

interaction models, and empirical testing across non-technological domains.

Richer data. Many limitations identified in Section 6.3 are ultimately data constraints.

Expanding the dataset with early-stage technologies, failed technologies that plateaued

at low adoption, and consistently aggregated measurements would strengthen the cross-

technology regularities and reduce survivorship bias. Finer-grained data, disaggregated

by country or sector, would test whether S-curve regularities hold at sub-global levels or

emerge only at sufficiently aggregate scales where heterogeneity averages out. Standardised,

open-access technology diffusion databases, analogous to climate data repositories, would

accelerate progress across the field.

6.4.2 Methodological Extensions

Probabilistic programming languages such as Stan [453] implement gradient-based samplers

(HMC, NUTS) that explore posterior geometries more efficiently than Metropolis-Hastings.

These tools would enable fully hierarchical multi-technology models that simultaneously

estimate technology-level parameters and hyperparameters, addressing the empirical Bayes

double-use-of-data concern (Section 6.3) and improving sampling efficiency for more complex

specifications such as coupled S-curve models or cost-diffusion feedback models.
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Sequential Bayesian updating, where each period’s posterior becomes the next period’s

prior [150], would transform the static forecasts in this thesis into operational monitoring

tools. Simulation-based calibration [322] would provide rigorous diagnostics for these more

complex specifications.

6.4.3 Towards Probabilistic Transition Models

The most consequential extension of this work could be to move from forecasting individ-

ual technologies in isolation toward modelling energy transitions as integrated systems

with calibrated uncertainty. However, the increase in complexity this would generate is

potentially intractable.

Technology interactions. This thesis forecasts each technology independently, ig-

noring complementarities (solar, storage, and wind) and substitution effects (also possible

with solar and wind) that shape transition trajectories. Existing models address this from

different directions: the FTT framework [259, 260] couples logistic substitution dynamics

with macroeconomic feedbacks, while agent-based models (Section 2.3) represent heteroge-

neous actors and the network dynamics that drive diffusion. Both generate richer transition

dynamics than isolated S-curves but do not directly quantify the uncertainty in techno-

logical growth. Coupling distributional S-curve forecasts with interaction models, such as

FTT-type or agent-based models, would capture how, for example, storage deployment

accelerates solar adoption, while calibrating the uncertainty in that interaction. Integrating

cost-diffusion feedbacks would further enable modelling of endogenous learning effects.

Probabilistic calibration of complex models. Approximate Bayesian Computa-

tion (ABC) [454] offers a natural bridge between the parsimonious framework of this thesis

and system-level models. For models where likelihoods are intractable, ABC can calibrate

complex simulators against empirical diffusion patterns while simulation-based calibration
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methods verify the resulting posteriors.

Extending scenario evaluation. The probabilistic filtering method of Chapter 5

can be applied to other scenario ensembles as we have to the IEA scenarios, and extended

to evaluate cost assumptions alongside technology diffusion, enabling multi-dimensional

plausibility assessment with probabilistic scenario weights. More broadly, complex models

such as IAMs, ABMs, and FTT-type frameworks could be calibrated against the empirical

regularities and forecasts of Chapter 4, embedding these as empirical priors on diffusion

rates within scenario frameworks. A natural near-term extension is to incorporate energy

storage into the likelihood calculation in Chapter 5. The current implementation evaluates

scenarios against solar PV and wind growth alone, but storage deployment is increasingly

load-bearing for high-renewables pathways, both as a complement to variable generation

and as an indicator of system readiness. Including storage forecasts in the likelihood would

tighten the empirical constraint on scenarios that assume rapid renewable shares without

commensurate storage build-out, and would mitigate the bias against scenarios that rely

on flexibility resources beyond solar and wind.

Decoupling warming outcomes from the AR6 climate response. A second

extension addresses the limitation that warming statements in Chapter 5 are inherited

from each AR6 scenario rather than independently derived. Coupling the diffusion-based

filter with a transparent reduced-complexity climate-system module (such as MAGICC or

FaIR) would let the warming distribution be re-derived from the diffusion-filtered emissions

trajectories under explicit, varied assumptions about carbon-cycle feedbacks, non-CO2

forcing, climate sensitivity, and the scale of negative-emission technologies (BECCS, DAC,

afforestation). This would convert the warming claims from conditional on AR6’s climate

response to conditional on transparently chosen carbon-cycle and CDR assumptions, and

would quantify how sensitive the < 2◦C probability is to those assumptions independently
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of the renewable filter.

A generative probabilistic model of energy transitions. The most ambitious

integration would model the joint distribution of all key technologies including comple-

mentarities, substitution effects, and fossil fuel phase-out, with endogenous cost-diffusion

feedbacks, producing fully probabilistic transition trajectories consistent with historical

diffusion patterns. This would build on FTT-type models that already use logistic dynamics

endogenously [259], but add calibrated uncertainty bounds informed by the cross-technology

regularities of Chapter 4. Chapter 5 filters existing scenarios; a fully generative approach

would produce probabilistic scenarios directly, moving beyond deterministic IAM projec-

tions and the conditional scenarios of Way et al. [29] towards a comprehensive probabilistic

model of energy system evolution. In the terminology adopted in Chapter 1, this would

shift the assessment of energy transitions from deterministic scenarios and projections

towards fully probabilistic, conditionally calibrated forecasts of the integrated system,

providing a single coherent object that decision-makers can interrogate for likelihood as

well as for what-if exploration.
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Chapter 7

Conclusion

7.1 Summary of Research

This thesis set out to answer the research question: How can S-curves be used to better

understand and forecast technological change? Three papers together identify and explain

systematic underestimation bias in S-curve fitting, develop a Bayesian forecasting framework

grounded in empirical regularities across 120 technologies, and apply these forecasts to

evaluate the plausibility of IPCC AR6 scenarios against historical diffusion patterns.

Chapter 3 answered the first sub-question: Why have S-curves failed to accurately

predict diffusion patterns? It demonstrated that standard S-curve fitting with partial data

produces systematic downward bias and highly varied forecasts, providing a statistical ex-

planation for why S-curve forecasts have historically underestimated renewable deployment.

The debiasing method developed offers a practical correction applicable to any S-curve

forecasting context, shifting assessments of feasibility for rapid technology growth.

Chapter 4 answered the second sub-question: How universal and predictable is techno-

logical growth? It compiled a database of 120 historical growth trajectories, uncovering

remarkable empirical regularities across diverse technologies. These regularities enabled

the development of a technology-agnostic Bayesian forecasting framework that produces

well-calibrated distributional forecasts. The Richards curve with β ≈ 2/3 emerged as the

significantly better-fitting functional form, establishing mild asymmetry and early exponen-
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tial growth as typical of technology diffusion. Hindcasting validation demonstrated that

empirically calibrated forecasts reasonably capture technologies experiencing exogenous

shocks. For solar, median projections exceed IEA Net Zero 2050 targets and nearly all

AR6 scenarios; for wind, the opposite holds.

Chapter 5 answered the third sub-question: What are likely future energy transitions?,

by applying forecasts from Chapter 4 to evaluate the plausibility of IPCC AR6 scenarios.

A likelihood-based evaluation method narrows the full AR6 ensemble to a smaller, more

meaningful subset. Rapid decarbonisation pathways align most closely with empirical

regularities, while many scenarios assume solar growth rates below historical precedent.

Under trajectories consistent with observed diffusion, SSP1, SSP2, and SSP5 scenarios

are most and almost equally represented. Warming is likely limited to 2◦C with >

80% probability, with future energy transitions characterised by rapid electrification and

renewable deployment, a significant decline in fossil fuel share by 2050, and a non-trivial

role for carbon capture and storage.

7.2 Key Contributions

This thesis makes the following contributions to the fields of technology forecasting, energy

systems analysis, and climate policy:

1. Identification and correction of underestimation bias. Chapter 3 provided

the first systematic statistical explanation for the persistent underestimation of

renewable energy deployment in S-curve forecasts, showing that fitting with partial

data produces downward-biased and highly variable projections. The parametric

bootstrap debiasing method offers a practical correction applicable to any S-curve

forecasting context.

2. Empirically grounded Bayesian S-curve framework. Chapter 4 demonstrated
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that technologies across sectors, eras, and geographic scales exhibit remarkable regu-

larities in their diffusion patterns, and developed a Bayesian forecasting framework

that leverages these regularities to produce well-calibrated distributional forecasts.

3. Forecasting technologies. The B-R curve with β ≈ 2/3 provides superior out-

of-sample fit across 120 technologies, suggesting it as a robust default model for

technology diffusion forecasting. The finding that β < 1 implies that growth rates

tend to slow more gradually than in the logistic model, with important implications

for long-term projections.

4. Forecasts for solar and wind energy. Chapter 4 showed that rapid solar growth

exceeding Net Zero 2050 targets and nearly all AR6 scenarios is consistent with

historical diffusion patterns, while wind growth consistent with historical patterns

falls below many AR6 scenarios. These forecasts provide an empirical benchmark

for assessing transition pathway plausibility.

5. Probabilistic assessment of IPCC scenario likelihood. Chapter 5 introduced

a likelihood-based method for evaluating scenario ensembles against empirically

grounded forecasts, adding an empirical-plausibility dimension to scenario interpre-

tation.

6. Complementarity between forecasts and scenarios. The thesis establishes

probabilistic S-curve forecasts as a complement to IAM scenarios: scenarios explore

what policy could achieve; forecasts assess what historical trends suggest. This

framing enables risk-based planning using credible intervals rather than discrete

scenario pathways.
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7.3 Final Remarks

Energy forecasting faces a fundamental tension: scenarios are needed to guide policy under

deep uncertainty, yet the tools producing those scenarios have systematically underestimated

the technologies most critical to decarbonisation. This thesis investigated technological

change, how S-curves can be used to understand and forecast it, and the implications

for energy transitions. The key finding is that grounding forecasts in empirical diffusion

regularities can yield well-calibrated forecasts across technologies, which can be used to

assess the plausibility of energy transition scenarios.

Three broader insights emerge. First, S-curves have a poor track record as fore-

casting tools, but this reflects methodological shortcomings rather than inherent limita-

tions; with appropriate methods they become powerful instruments for understanding

and forecasting technological change. Second, the historical record of technology diffusion

contains exploitable regularities, such as technologies diffusing asymmetrically. These

cross-technological regularities enable well-calibrated, technology-agnostic forecasts. Third,

rapid energy transitions are consistent with historical diffusion patterns, challenging the

conventional view that rapid renewable growth is unprecedented or economically prohibitive.

The methods and findings of this thesis provide a foundation for more empirically

grounded, probabilistic approaches to understanding and forecasting technological change,

with potential applications wherever adoption follows Sigmoidal trajectories, from the

diffusion of behaviours and social norms to institutional change. Moreover, the thesis

offers a framework for letting historical data discipline forward-looking projections: not

replacing expert-driven models but providing an empirical benchmark against which their

assumptions can be transparently evaluated. This complementarity, between what is

empirically grounded and what is captured by scenarios, offers a more honest foundation

for the urgent decisions that will shape the global energy system for decades to come.
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policy timing on the spread of covid-19. Infectious Disease Modelling, 6:942–954,
2021.

[108] Stijn Baert, Louis Lippens, Eline Moens, Philippe Sterkens, and Johannes Weytjens.
The covid-19 crisis and telework: A research survey on experiences, expectations and
hopes. Technical report, IZA Discussion Papers, 2020.

[109] Xiang-Sheng Wang, Jianhong Wu, and Yong Yang. Richards model revisited: Val-
idation by and application to infection dynamics. Journal of theoretical biology,
313:12–19, 2012.

[110] Kenneth P Burnham and David R Anderson. Model selection and multimodel
inference: a practical information-theoretic approach. Springer Science & Business
Media, 2002.

[111] Pedro Domingos. The role of occam’s razor in knowledge discovery. Data mining
and knowledge discovery, 3(4):409–425, 1999.

[112] George EP Box. Science and statistics. Journal of the American Statistical Associa-
tion, 71(356):791–799, 1976.

[113] Avi Jakhmola, Jessica Jewell, Vadim Vinichenko, and Aleh Cherp. Probabilistic
projections of global wind and solar power growth based on historical national
experience. Nature Energy, 11(5):743–755, 2026.

[114] Nik Zielonka and Evelina Trutnevyte. Probabilities of reaching required diffusion of
granular energy technologies in european countries. iScience, 28(2), 2025.

[115] Geoffrey A Moore. Crossing the Chasm: Marketing and Selling Disruptive Products
to Mainstream Customers. HarperBusiness, New York, 3rd edition, 2014.

[116] Mark Granovetter. Threshold models of collective behavior. American Journal of
Sociology, 83(6):1420–1443, 1978.

[117] Malcolm Gladwell. The tipping point: How little things can make a big difference.
Little, Brown, 2000.

[118] Diego Comin, Bart Hobijn, and Emilie Rovito. Five facts you need to know about
technology diffusion. NBER Working Paper 11928, National Bureau of Economic
Research, 2006.

[119] Damon Centola. The spread of behavior in an online social network experiment.
Science, 329(5996):1194–1197, 2010.

[120] Damon Centola and Michael Macy. Complex contagions and the weakness of long
ties. American journal of Sociology, 113(3):702–734, 2007.

[121] Douglas Guilbeault, Joshua Becker, and Damon Centola. Complex contagions: A
decade in review. Complex spreading phenomena in social systems: Influence and
contagion in real-world social networks, pages 3–25, 2018.

[122] H Peyton Young. Innovation diffusion in heterogeneous populations: Contagion,
social influence, and social learning. American economic review, 99(5):1899–1924,
2009.

[123] W Brian Arthur. Competing technologies, increasing returns, and lock-in by historical
events. The Economic Journal, 99(394):116–131, 1989.

[124] Michael L Katz and Carl Shapiro. Network externalities, competition, and compati-
bility. The American Economic Review, 75(3):424–440, 1985.

404



[125] M Granger Morgan. Use (and abuse) of expert elicitation in support of decision making
for public policy. Proceedings of the National academy of Sciences, 111(20):7176–7184,
2014.

[126] Tamara Savage, Alex Davis, Baruch Fischhoff, and M Granger Morgan. A strategy
to improve expert technology forecasts. Proceedings of the National Academy of
Sciences, 118(21):e2021558118, 2021.

[127] Don A Moore and Paul J Healy. The trouble with overconfidence. Psychological
review, 115(2):502, 2008.

[128] Philip E Tetlock. Expert political judgment: How good is it? How can we know?
Princeton University Press, 2005.

[129] Amos Tversky and Daniel Kahneman. Judgment under uncertainty: Heuristics and
biases: Biases in judgments reveal some heuristics of thinking under uncertainty.
science, 185(4157):1124–1131, 1974.

[130] Joseph Engelberg, Charles F Manski, and Jared Williams. Comparing the point
predictions and subjective probability distributions of professional forecasters. Journal
of Business & Economic Statistics, 27(1):30–41, 2009.

[131] Jing Meng, Rupert Way, Elena Verdolini, and Laura Diaz Anadon. Comparing expert
elicitation and model-based probabilistic technology cost forecasts for the energy
transition. Proceedings of the National Academy of Sciences, 118(27):e1917165118,
2021.

[132] Paul S Meyer, John W Yung, and Jesse H Ausubel. “bi-logistic” growth. Technological
Forecasting and Social Change, 47(1):89–102, 1994.

[133] Charles P Winsor. The gompertz curve as a growth curve. Proceedings of the national
academy of sciences, 18(1):1–8, 1932.

[134] George AF Seber and Christopher J Wild. Nonlinear regression. John Wiley & Sons,
2003.

[135] Andrew Gelman, Aleks Jakulin, Maria Grazia Pittau, and Yu-Sung Su. A weakly
informative default prior distribution for logistic and other regression models. The
Annals of Applied Statistics, 2(4):1360–1383, 2008.

[136] Andrew Gelman, John B Carlin, Hal S Stern, David B Dunson, Aki Vehtari, and
Donald B Rubin. Bayesian data analysis. CRC press, 3rd edition, 2013.

[137] Bradley P Carlin and Thomas A Louis. Bayesian methods for data analysis. CRC
Press, 3rd edition, 2008.

[138] Andrew Gelman and Jennifer Hill. Data analysis using regression and multi-
level/hierarchical models. Cambridge University Press, 2006.

[139] Andrew Gelman. Prior distributions for variance parameters in hierarchical models.
Bayesian Analysis, 1(3):515–534, 2006.

[140] Rens Van De Schoot, Joris J Broere, Koen H Perryck, Mariëlle Zondervan-
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Z. P. Smith, Tiziano Gallo Cassarino, Mark Barrett, and Robert Lowe. Heat
decarbonisation modelling approaches in the uk: An energy system architecture
perspective. Energies, 13(8), 2020.

[233] Elmar Kriegler, Massimo Tavoni, Tino Aboumahboub, Gunnar Luderer, Katherine
Calvin, Gauthier Demaere, Volker Krey, and Keywan Riahi. Making or breaking
climate targets: The ampere study on staged accession scenarios for climate policy.
Technological Forecasting and Social Change, 90:24–44, 2015.

[234] Celine Guivarch, Elmar Kriegler, Joana Portugal-Pereira, Valentina Bosetti, James
Edmonds, Manfred Fischedick, Petr Havlik, Paulina Jaramillo, Volker Krey, Franck
Lecocq, et al. Annex iii: Scenarios and modelling methods. IPCC 2022: Climate
Change 2022: Mitigation of Climate Change. Contribution of Working Group III
to the Sixth Assessment Report of the Intergovernmental Panel on Climate Change,
pages 1842–1908, 2023.

[235] K. Riahi, R. Schaeffer, J. Arango, K. Calvin, C. Guivarch, T. Hasegawa, K. Jiang,
E. Kriegler, R. Matthews, G.P. Peters, A. Rao, S. Robertson, A.M. Sebbit, J. Stein-
berger, M. Tavoni, and D.P. Van Vuuren. Mitigation pathways compatible with
long-term goals. In P.R. Shukla, J. Skea, R. Slade, A. Al Khourdajie, R. van Diemen,
D. McCollum, M. Pathak, S. Some, P. Vyas, R. Fradera, M. Belkacemi, A. Hasija,
G. Lisboa, S. Luz, and J. Malley, editors, Climate Change 2022: Mitigation of Climate
Change. Contribution of Working Group III to the Sixth Assessment Report of the
Intergovernmental Panel on Climate Change, book section 3. Cambridge University
Press, Cambridge, UK and New York, NY, USA, 2022.

[236] Edward Byers, Volker Krey, Elmar Kriegler, Keywan Riahi, Roberto Schaeffer, Jarmo
Kikstra, Robin Lamboll, Zebedee Nicholls, Marit Sandstad, Chris Smith, Kaj van der
Wijst, Franck Lecocq, Joana Portugal-Pereira, Yamina Saheb, Anders Stromann,
Harald Winkler, Cornelia Auer, Elina Brutschin, Claire Lepault, Eduardo Müller-
Casseres, Matthew Gidden, Daniel Huppmann, Peter Kolp, Giacomo Marangoni,
Michaela Werning, Katherine Calvin, Celine Guivarch, Tomoko Hasegawa, Glen
Peters, Julia Steinberger, Massimo Tavoni, Detlef van Vuuren, Alaa Al -Khourdajie,

411



Piers Forster, Jared Lewis, Malte Meinshausen, Joeri Rogelj, Bjorn Samset, and
Ragnhild Skeie. Ar6 scenarios database, apr 2022.

[237] Tsimafei Kazlou, Aleh Cherp, and Jessica Jewell. Feasible deployment of carbon
capture and storage and the requirements of climate targets. Nature Climate Change,
14(10):1047–1055, 2024.

[238] Zeke Hausfather and Glen P Peters. Emissions–the ‘business as usual’story is
misleading. Nature, 577(7792):618–620, 2020.

[239] Emily Ho, David V. Budescu, Valentina Bosetti, Detlef P. van Vuuren, and Klaus
Keller. Not all carbon dioxide emission scenarios are equally likely: a subjective
expert assessment. Climatic Change, 155:545–561, 2019.

[240] Hamish Beath, Chris Smith, Jarmo S. Kikstra, Mark M. Dekker, Matthew J. Gidden,
and Joeri Rogelj. A weighting framework to improve the use of emissions scenario
ensembles of opportunity. Nature Climate Change, feb 2026. Published 24 February
2026.

[241] John E. T. Bistline. Weighting for net zero. Nature Climate Change, feb 2026. News
& Views; Published 24 February 2026.

[242] Nik Zielonka, Xin Wen, and Evelina Trutnevyte. Probabilistic projections of granular
energy technology diffusion at subnational level. PNAS Nexus, 2(10):pgad321, oct
2023.
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Epilogue

Here I offer some concluding thoughts and reflections on the thesis, the DPhil, and my

own experiences. One can so easily get lost in the details of research and forget to step

back and reflect on the bigger picture. I wrote 75,000 words and made 2,500 figures—that

is only 60 words per day. I consumed approximately 5,000 cups of coffee, held over 20

presentations on S-curves, was yelled at only twice, had doubts, and experienced anxiety

and dread about my work.

But this is nothing compared to these statistics: I have cried of laughter 1000 times,

had thousands of conversations with friends, family and loved ones supporting me, and had

1000 moments of joy and excitement when I made a new discovery or found a new insight.

I got to go to a conference in China and experience what it means to be an academic

conveniently travelling the world—for academic pursuit only, of course. I am grateful for

all of these experiences, the good and the bad, because they have shaped me into the

person I am today and made this thesis what it is.

My DPhil journey, much like the research itself, has been an S-curve: initial disruption

as an incoming new DPhil, slow development but some could say rapid growth rate,

sustained growth until marginal gains became harder to achieve—a natural saturation

point. Looking back, I myself failed to forecast my own S-curve: I reached a higher

asymptote than I ever expected. I hope that you, the reader, have found some value in

this thesis, and that it can contribute to a deeper understanding of technology, energy

transitions, and the future of our planet.
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