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Abstract

Climate change is one of the most crucial societal challenges of the 21st century,
affecting a wide range of social, economic, and environmental aspects of modern
society. To design and implement policies that can deal with the climate challenge
requires an accurate and robust understanding of the physical impacts of climate
change as well as understanding the potential impacts of different policy instruments,
their limitations, as well as their successes and failures in the past. Despite this
necessity, there remains substantial empirical uncertainty around the effectiveness of
policy approaches both in the context of mitigation and adaptation. In this doctoral
thesis, I present a total of five papers that advance the field of impact estimation in
the context of climate change. By using and developing novel econometric methods,
I show how existing gaps in this literature can be addressed. In Paper 1, I develop
a novel statistical test to illustrate the impact that outlying observations have
on regression coefficients of econometric climate impact estimates. In Paper 2, I
use these methods and advance climate impact estimates further by presenting
a first set of economic climate damage projections that incorporate the effects of
extreme weather events and adaptation. While current climate and weather impact
data collection approaches focus on manual bottom-up database records, Paper
3 uses machine learning algorithms to predict the occurrence of weather impact
events reliably without manual input or on-the-ground knowledge. In Paper 4, I
operationalise an alternative way to empirically evaluate policy, which is used in
Paper 5 to identify the effects of 10 distinct road transport mitigation policies in the
EU15. Overall, I argue that when econometric methods are specified correctly, are
applied to the most pressing research questions, and make use of appropriate data
then using these methods can allows us to direct adaptation funding more efficiently,
track Loss and Damage events around the world, and allow policy-makers to focus
on those policy packages that have the largest chance of making a difference.
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Part I: Introduction

Climate change is one of the most crucial challenges of the 21st century, affecting a

wide range of social, economic, and environmental aspects of modern society. Dealing

with climate change requires policy-makers to devise and implement strategies to

both reduce greenhouse gas emissions and ensure that society is capable of dealing

with the impacts of climate change. While these two objectives, climate mitigation

and adaptation, have been central principles in our collective global understanding

of climate change for decades, progress to date on both has been slow.

Continuously high global greenhouse gas emissions, despite a global pandemic

(Davis et al. 2022), have led to recent analyses concluding that the famous 1.5°C

target of Article 2.1a of the Paris Agreement is currently “not plausible” (Engels

et al. 2023, p. 5). While the methodology and the conclusions of this particular

analysis can be questioned, alongside the political implications of framing a goal

as “not plausible”, I regard it as a further indication that progress on climate

action has been too slow. The challenges of deep decarbonisation, paired with

the highly controversial discussions on adaptation and Loss and Damage1, as has

been demonstrated at COP27 in Egypt in November 2022 (CarbonBrief 2022),

underscore the necessity for well-informed and effective policy-making.

Devising and implementing effective climate action is complicated by a vast

range of technological, physical, social, and political factors. It is these factors that

determine whether policy-makers take climate change seriously, whether appropriate

policies are agreed upon and implemented and that determine the ultimate effect of

these policy. To assess the highest potential of policies for impact therefore requires
1The definition of Loss and Damage is controversial and not yet universally agreed (Boyd et al.

2017) but can understood to refer to the impacts of climate change where adaptation is highly
difficult or impossible for this thesis.
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Introduction

researchers to consider each of these factors in detail to identify potential windows

of opportunity for climate action – especially given the inherent uncertainties

that are associated with attempting to devise decadal strategies for society (see

IPCC 2013, Chapter 11).

To identify such windows of opportunity for climate policy, however, requires an

accurate and robust understanding of the status quo – it requires an understanding

of the impact potential of different policy instruments, their limitations, as well

as their successes and failures in the past. Despite this necessity, there remains

substantial empirical uncertainty around the effectiveness of policy approaches

both in the context of mitigation and adaptation. Challenges like multi-causal

relationships, long forecasting periods, high internal variability systems, and high

levels of heterogeneity in impacts and responses combine to make any kind of impact

estimation in the context of climate change inherently difficult.

This empirical uncertainty can be exemplified by considering that extreme

climate and weather events are much less likely to be recorded when they are

occurring in developing countries (Harrington and Otto 2020). This simple fact

can have immense consequences for Loss and Damage discussions, can lead to a

misallocation of adaptation finance, will influence expectations of future damages,

and plays a key role in shaping the insurance market in these countries. Similarly,

a limited understanding of the effectiveness of climate mitigation policies, e.g. by

ignoring relevant rebound effects, not considering the most influential policies,

overrelying on theoretical ex-ante policy estimates, or failing to evaluate policies

ex-post can seriously hamper climate action in practice.

It is this understanding of the impacts of the physical climate and of climate

policy in the past that I improve in this thesis. I argue, that it is essential to

understand the extent to which we actually know what has happened in the

past in order to use this knowledge as a guide to the future. To improve this

understanding, I present a range of novel methods and approaches that deal with

many of the gaps that the existing literature still contains. In this existing literature,

2



Introduction

I identify a number of crucial gaps that the papers of this thesis, and the methods

contained within them, address.

To do so, I place the focus of this thesis on empirical methods, which analyse

real-world observations and data. This is in contrast to many of the theoreti-

cal approaches that heavily rely on mathematical descriptions of relationships.

Nonetheless of course, theoretical knowledge often inspires a particular empirical

model formulation and is therefore crucial in empirical analysis as well. More

concretely, I focus on a literature embedded in the field of econometric methods,

which are methods that use statistical analysis to test and validate economic

theories (Stock and Watson 2015).

In the following pages of this doctoral thesis, I present novel methods and

approaches that demonstrate the potential of advanced econometric techniques to

improve the estimation of climate impacts and policies considerably. I apply these

methods to more accurately estimate and project the macro-economic consequences

of physical climate impacts, to detect previously unrecorded extreme weather events,

and to identify a concrete set of climate policies that have reduced carbon emissions

in the road transport sector of the European Union.

The work presented here complements the research that I have conducted over

the past few years, such as a study published in the Philosophical Transactions of

the Royal Society in 2018 on the effects of 1.5°C and 2°C of warming on economic

growth, which has sparked much of the work leading up to Paper 1 and 2 of

this thesis (Pretis et al. 2018). Similarly, a study recently published in Global

Environmental Change evaluates and quantifies the influence that weather and

conflict has on displacement in Somalia using similar methods to Papers 1 and 2

(Thalheimer, Schwarz, and Pretis 2023). Further work has focused on the effects of

climate policy on labour dynamics in order to gain a more thorough understanding

of how policies would need to be designed to ensure a Just Transition. This line of

inquiry has led to two pieces of work, with one paper that evaluates the employment

impacts of oil price shocks on the Albertan labour market being published in

3
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Climate Policy (Scheer et al. 2022) and a Working Paper estimating the impacts of

coal mine closures on local US labour markets (Mark, Rafaty, and Schwarz 2022).

Alongside more qualitative work on designing ideal climate policy for state-owned

power companies, which was published in the Journal of Cleaner Production in

2022 and a paper on the difficulty of relating COVID-19 cases to temperatures and

precipitation published in Environmental and Resource Economics: Perspectives in

2020 (Cohen et al. 2020), I have contributed to several reports and policy papers

and have released and contributed to open-source estimation software such as

packages for the programming language R.

This thesis overall concludes, that to combat climate change and to deal with the

climate crisis in a sustainable, equitable, and efficient manner, we must question the

current focus of research critically. Much of the efforts in the macro-economic climate

impact community have focused on trying to identify the ‘efficient’ or ‘optimal’ level

of warming given economic preferences; a consideration that in my mind has only

little additional value in the context of clearly defined temperature goals within

the Paris Agreement. However, comparatively little attention of economists has

been diverted towards identifying where climate and weather impacts have actually

occurred, what their effect has been, especially on developing countries, and how

such impacts could challenge societies in the next few decades. Similarly, efforts

to study deep decarbonisation policies have largely focused on theoretical ex-ante

assessments, which in practice have often shown little accuracy.

The individual pieces of work presented in this thesis illustrate that with the

support of novel and innovative econometric methods, the estimates of climate

impacts and policies can be improved considerably. Advanced and novel econometric

techniques can deal with issues that have plagued the climate debate for decades;

these techniques can quantify and alleviate misspecification concerns, can allow

a more specific and insightful debate surrounding adaptation options and likely

future damage, while providing a more holistic and objective data environment

for climate policy and weather impact events. Implementing and utilising these

4
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techniques more broadly can overall contribute to distributing adaptation efforts

and finance more equitably and efficiently, can allow policy-makers to focus their

political capital on more effective policy packages, and will hopefully contribute

to a more resilient and low-carbon society.

There remains of course a significant potential to improve such methods further,

yet this thesis demonstrates that existing estimation approaches can be improved by

using novel misspecification tests, the use of more specialised data, as well as more

advanced machine learning type model selection algorithms, and also that asking

new questions in the field of policy evaluation and weather impact detection can offer

promising avenues for further research. The methods used and developed in the five

papers presented in this doctoral thesis illustrate distinct opportunities to advance

our understanding in this field – and it is this knowledge that will be crucial in our

collective endeavour to create a low-carbon equitable economic system for the future.

Thesis Outline

In Part I, I outline the overall motivation of my doctoral thesis. I discuss why

improving the estimation of impacts is so crucial to understanding and combatting

climate change and for designing effective policy. After this outline, a set of identified

gaps in the academic literature is put forward alongside the relevant evidence in

the literature. For each gap, a short description is presented of how these gaps

are addressed in the individual papers in Part II.

In Part II, I present a total of five individual pieces of research that tackle one

or more aspects of these challenges; with four of them produced as co-authored

pieces of work and one single-author paper. Out of the five papers presented, three

have been submitted to peer-reviewed journals, complying with the relevant thesis

requirements. One of these papers, Paper 5, has been published in Nature Energy,

while Paper 1 is in the second Revise & Resubmit (R&R) stage. Paper 2 has been

submitted to a peer-reviewed journal and alongside with Paper 4 has been published

as a Working Paper. Part II is structured as follows.

5
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In Paper 1, I present a co-authored paper that evaluates the influence that

misspecification, in particular the presence of outliers, has on regression estimates.

The paper presents Asymptotic Theory that defines and establishes a new Outlier

Distortion Test (the Jiao-Pretis-Schwarz Test). This test is then evaluated using

Asymptotic and Bootstrap Testing to evaluate its performance under different

conditions. Finally, the test is applied to a climate impact estimation and the effect

of using an outlier-robust estimation method is presented. This paper has been

submitted to the Journal of Econometrics and is currently in its second R&R stage.

In Paper 2, I present a co-authored paper that builds on the preceding paper by

utilizing an outlier-robust estimation algorithm as well as advanced econometric

model selection methods to explore the robustness of existing econometric climate

impact estimates. The resulting estimates of GDP per capita impacts are then

projected to 2100 using the full CMIP5 climate model variability range, which

shows that current existing damage estimates significantly underestimate the likely

socio-economic climate impacts in the future. This paper has been submitted

to Nature Climate Change.

While Papers 1 and 2 represent an attempt to improve existing climate im-

pact estimation approaches, the following Papers aim to advance more emerging

fields of inquiry.

In Paper 3, a novel approach to identifying and recording weather impacts and

disasters is presented. While current climate and weather impact data collection

approaches focus on manual bottom-up database records, Paper 3 uses machine

learning algorithms to predict the occurrence of weather impact events reliably

without manual input or on-the-ground knowledge. The results of this proof-of-

concept Paper exhibit very high levels of predictive accuracy. This suggest that

there is immense potential for such methods to provide more accurate disaster

estimates in the future – a crucial prerequisite for adaptation policy-makers and

international Loss and Damage considerations.

Papers 4 and 5 consider a slightly different type of climate impact as they are

motivated not by quantifying the effect of physical climate impacts, but rather

6
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they attempt to enable researchers to quantify the effect of government policies

on socio-economic processes.

To this end, in Paper 4, I present an alternative way to phrase policy evaluation

questions, which is operationalised in the paper. Rather than asking forward causal

questions, i.e. ‘Does X cause Y?’, Paper 4 explores and operationalises reverse

causal questions that concern themselves with asking the question ‘What causes

Y?’. In this paper, therefore, a novel interpretation of existing machine learning

algorithms is presented in a way that operationalises this conceptual approach and

applies it to a case study. While the case study in Paper 4 is not climate related,

in Paper 5 I apply the algorithm developed in Paper 4 to climate policies in the

transport sector in 15 EU countries and agnostically detect the impact of 10 climate

policies that have reduced CO2 road transport emissions by up to 26%. This paper

has been published in Nature Energy in August 2022.

Finally in Part IV, a brief Conclusion is presented where I summarise the main

insights that the collective work of this thesis has yielded. Overall, the individual

pieces of work combined in this thesis illustrate that there remains significant

potential to improve various aspects of climate impact estimation. Advanced

and novel econometric techniques can deal with omnipresent issues that have

plagued the academic climate debate for decades; these techniques can quantify

and alleviate misspecification concerns, can allow for more specific and insightful

debates surrounding adaptation policy and can give policy-makers an idea about

likely future damage scenarios. Simultaneously, the efforts of this thesis could

provide the basis for a more holistic and objective data environment for climate

policy and weather impact event data collection. This thesis has demonstrated that

existing estimation approaches can be improved by using novel misspecification

tests and the use of more specialised data, as well as more advanced machine

learning type model selection algorithms. It further shows that that asking new

questions in the field of policy evaluation and weather impact detection can offer

promising avenues for further research.

7
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While Parts I, II, and III capture the essence of each research effort, the Appendix

of this thesis in Part IV contains a Contribution Statement and also contains the

relevant appendices for the individual papers. Finally, a reference list for the

citations referred to in Parts I and III is presented.
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Identifying Gaps in the Literature

Having analysed the vast body of literature on impact estimation over the past

years in the context of this doctoral thesis – both within the climate context and

beyond – I present three key areas below where I argue that the impact literature

has significant gaps – many of which I am able to address in the papers in Part II.

Firstly, I identify three distinct gaps in this literature relevant to climate impact

estimation. Firstly, I argue that the research questions that are being set are

inadequate both in terms of research objective and effectiveness of the insight gained

given the challenges that climate change is presenting society with. Secondly, I shed

light on significant aspects of impact estimation models that could be improved

in order to maximise the insight relevant for policy. Thirdly, I argue that robust

impact estimation in the field of climate change is faced with significant hurdles to

acquire and use the data that would be required. In each section below, I outline

how I have addressed these gaps in the papers in Part II of this thesis.

Asking inadequate questions

The first major gap in the literature refers to the research questions considered. I

argue, that the majority of the impact estimation literature in this field focuses

on aspects of the climate crisis that have either already been answered, are

comparatively well understood, or, most significantly, do not provide us with

the most useful information on how to overcome the challenges of climate change.

In the context of physical climate impacts and the estimation of their macro-

economic consequences, much of the academic debate focuses on the question which

level of warming is optimal to global society, given a set of economic preferences.

Here, I argue, however, that this question has been answered by making concious

political decisions in the Paris Agreement and that therefore much more research

should focus on implementing effective climate adaptation strategies.

9
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On these physical climate impacts, the Intergovernmental Panel on Climate

Change (IPCC) in its Sixth Assessment Report (AR6) has once more established that

the impacts of a changed climate are a key challenge for society as “Climate change

has caused substantial damages, and increasingly irreversible losses, in terrestrial,

freshwater and coastal and open ocean marine ecosystems” (IPCC 2022b, B.1.2 on

p. 9). The IPCC further shows that climate change increases the frequency and

intensity of extreme events alongside significant slow onset events. The literature

on physical climate impacts is vast, with countless papers analysing dynamics

such as heatwaves, meteorological droughts, and the effects of various climate

dynamics on biological systems and biodiversity that document such impacts in

all regions and ecosystems, see Figure 1.

However, translating these physical measures to socio-economic impacts to

understand the societal consequences of a warmer world – especially in a coherent and

holistic manner – has troubled social scientists for decades. This manifests itself in

the difficulty of providing well accepted academic and political definitions of emerging

concepts such as Loss and Damage, which despite its rising political significance in

the context of COP27 in 2022 has no fully agreed upon definition (Boyd et al. 2017).

Socio-economic impact modelling of the consequences of a changing climate -

and the mitigation and adaptation policies that go along with it - have especially

until the 2010s largely followed a mathematical process-based modelling approach.

This means that relationships between physical and social systems are not estimated

using real-world data but are mostly grounded in theory derived using economics

and physics. In this context, the most famous concept is the so-called damage

function. These damage functions specify a continuous and simple relationship

between global mean temperature change and changes in gross economic output.

The exact formulation or specification of a damage function, however, remains

extremely controversial.

These damage functions have been subject to numerous meta-analyses (Newbold

and Marten 2014; Nordhaus 2018; Tol 2009), yet most estimates of global damage

functions continue to be fairly hard to distinguish from ‘back of the envelope’

10
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Figure 1: Figure SPM.2 reproduced from the IPCC Summary for Policymakers WGII.
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calculations, as Howard and Sterner (2017) frame it. While back-of-the envelope

calculations certainly have their use, it is the significance of damage functions in

Cost-Benefit Integrated Assessment Models (IAMs) that highlight the necessity

to estimate such functions accurately.2

Cost-Benefit IAMs, such as DICE, FUND, and PAGE (Pindyck 2013) essentially

attempt to shed light on ‘optimal’ levels of mitigation, i.e. they attempt to derive

the ideal level of warming. The (IPCC 2014, see Section 6.2.1, p. 422), however,

notes that these IAMs essentially “use economics as the basis for decision making

[and] typically assume fully functioning markets and competitive market behaviour,

meaning that factors such as non-market transactions, information asymmetries,

and market power influencing decisions are not effectively represented”. This poses

a number of challenges when aiming to inform the public policy debate.

The work by William Nordhaus (Nordhaus 1992; Nordhaus 2018) is most famous

in this field, with him receiving the Nobel Memorial Prize in Economic Sciences

in 2018 for his work on the DICE model. In the DICE model, the specification of

the damage function is key to estimating the Social Cost of Carbon that tries to

illustrate the societal cost of emitting one tonne of CO2, which then informs an

‘optimal’ level of warming for global society. The DICE model in its current form

continues to rely on a controversial literature survey by Tol (2009) that is based

largely on process-based estimates of climate impacts and then adds a relatively

arbitrary adjustment of 25% for non-economic impacts (Nordhaus and Sztorc 2013).

Given the significance of this method and DICE’s popularity, with thousands

of papers adapting and using the model, a fair number of studies have sought to

more formally use empirical methods to derive such damage functions and impact

estimates (Hsiang 2016). These approaches represent a distinct departure from

early estimates of macro-economic climate impacts that was mainly dominated by

the use of process-based climate impact representations.
2They are also sometimes relevant for process-based Cost-Effectiveness IAMs, such as IMAGE,

MESSAGE, REMIND, and others but in a much more nuanced manner (Wilson et al. 2017).
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While the physical climate modelling community has been embracing such

empirical approaches for some time now, i.e. using statistical tools to describe

certain dynamics with historical data to overcome the existing gaps in the physical

and mathematical understanding of natural systems (Majda and Gershgorin 2010),

empirical data had not been used to the same effect in modelling economic impacts

up until about the late 2000s (Hsiang 2016). Such scientific contributions have been

published in Economics journals (e.g. Dell, Jones, and Olken 2012, in American

Economic Journal: Macroeconomics; as well as Kalkuhl and Wenz 2020; and

Newell, Prest, and Sexton 2021, in the Journal of Environmental Economics and

Management), and general-interest journals (e.g. Burke, Hsiang, and Miguel 2015;

Burke, Davis, and Diffenbaugh 2018; Kotz, Levermann, and Wenz 2022, in Nature;

or Pretis et al. 2018, in Phil. Trans. R. Soc.) alike, emphasizing the interdisciplinary

nature of this research agenda.

While our understanding in this area has considerably improved based on

these studies, the resulting climate damage estimates continue to exhibit known

shortcomings. The range of potential damages remains extremely large as Figure

2 shows. Furthermore, more recognition has emerged that these continuous,

smooth, and differentiable global damage functions are incompatible with our

increasing understanding of tipping points and regional climate impacts (Sterner

2015). Substantial efforts have been undertaken to incorporate these dynamics,

such as Dietz et al. (2021) who consider the economic implications of such tipping

points and find, unsurprisingly, that they substantially increase economic costs.

Work by Hänsel et al. (2020) improves the estimation by including a more accurate

carbon cycle model and update damage estimates into DICE and find that such a

specification can suggest that the Paris Agreement targets are ‘optimal’. Similar

conclusions are reached when questioning the mitigation assumptions of the DICE

model (Grubb, Wieners, and Yang 2021).

Yet, despite these advances and efforts, considerable uncertainties about future

climate impacts on economic quantities, such as productivity, GDP per capita

growth, social equity, or output in key industries remain. These, and other aspects,
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have motivated numerous academics to challenge the usefulness of these concepts in

their entirety (Pindyck 2013; Farmer et al. 2015). While the fundamental question

of an ‘optimal’ level of warming has been useful in the 1990s and 2000s, the Paris

Agreement, and the Copenhagen Accord before it, have clearly changed the relevance

of such assessments. While these assessments of course still have significant use

in the public discourse, their estimates are always highly dependent on social and

political preferences – and I would argue that the political consensus that has led

to the Paris Agreement has determined these social and political preferences. In

other words, the underlying assumed preferences in every IAM to illustrate the

trade-offs that are fundamental to every political and economic decisions have in

a way been set clearly by the Paris Agreement.

While it is self-evident that quantifying climate impacts in terms of economic

outcomes is crucial to inform mitigation and adaptation policy decisions in a context

of finite (fiscal and economic) resources (Roughgarden and Schneider 1999; Stern

2008), finding the ‘optimal’ level of global warming is now not really a political

question anymore. Therefore, I would argue that academic efforts in this field should

now shift towards accelerating mitigation policy and maximising the efficiency of

adaptation policies. And arguably, the damage function literature does little to

contribute to these two goals.

Asking the right question is, however, not only a key factor in deriving reliable

estimates of future physical climate impacts – it is also an essential factor in

estimating the effects of climate policies. While it is clear that robust policy-making

must be based on an understanding of the likely impact of a policy, most of the causal

inference literature has concerned itself with questions that consider the ‘effects of

causes’ rather than the ‘causes of effects’; a circumstance that I argue has limited

the potential of creating the most effective policies for tackling the climate crisis.

These questions that concern themselves with the ‘effects of causes’ have been

termed ‘forward causal questions’ by Gelman and Imbens (2013) and are widely

considered to be standard approaches in the wider literature (Gelman 2011; Mill
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Figure 2: Figure Cross-Working Group Box ECONOMIC.1 reproduced from the IPCC
WGII Report.

1843). These questions are used to answer inquires like ‘did this particular car

engine regulation policy reduce CO2 emissions in road cars’. In other words,

they are focused on a single policy and attempt to find the specific effect of that

policy. Such an approach is for example the standard set-up for methods like

Differences-in-Difference studies.

However, the decision-making process as to which policy should be analysed is

itself already a major research design question – potential policies that are much

more effective might not be identified for such an analysis a-priori and given the

fact that most policy making in recent years includes policy packages with more

than one policy being implemented, just focusing on the effectiveness of a single
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measure might understate the effectiveness of political decisions.

‘Reverse causal questions’3 on the other hand attempt to estimate the ‘causes

of effects’ – so rather consider the road CO2 emissions and look at all potential

policies, trends, and shocks that might have had an effect on them. According to

Gelman and Imbens (2013, p. 3) “Reverse causal reasoning is different; it involves

asking questions and searching for new variables that might not yet even be in

our model”. The motivation of this way of inquiry closely resembles advances

from the break detection literature that is mostly used in the time series literature

where e.g. Perron (1989) used break detection to show the effects of the Great

Depression and oil price shocks in a GNP time series or Hendry (2020) who uses a

similar technique to identify the effect of the UK climate policy in per capita CO2

emissions. Such an approach could shed an entirely new light on the comparative

effectiveness of policies by allowing analyses to really hone in on those policies

that have shown to be effective in real life.

This is in stark demand, as most impact estimates of policies are done ex-ante

using economic models like Dynamic Stochastic General Equilibrium (DSGE) or

Computable General Equilibrium models and only few policies are actually evaluated

using ex-post data (Farmer et al. 2015). The study by Rafaty, Dolphin, and Pretis

(2022), while also having to make an a-priori selection of policies, uses a wide set of

implemented carbon pricing policies to evaluate their effects on carbon emissions.

While the study finds relatively low effects overall, their conclusions do seem to

suggest that the prices that have been in place over the past decades have simply

been too low to have a significant effect on carbon emissions. Similarly, a study

by Eskander and Fankhauser (2020) considers over 1,800 climate laws worldwide

and presents the effects of an additional climate law on CO2 emissions.

3Note that the term ‘reverse causal questions’ is distinct and not directly related to the concept
of ‘reverse causality’, see Gelman and Imbens (2013).
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Adressing this gap

While there are naturally always insights that can be gained from the questions

I discussed above, adapting the focus of inquiry more towards the dynamics that

can really help us deal with the climate crisis will be essential.

This means, as I have argued, abandoning huge academic efforts to find an

‘optimal’ level of warming. Despite the obvious and significant academic benefits

and successes that can be gained from adapting models like the DICE model, I am

convinced that publishing yet another study on how important climate mitigation

actually is will not change the societal consensus to considerably change our climate

targets. Given that the physical realities and the urgency of climate change has been

established beyond reasonable doubt, I would argue that remaining climate denialism

should be investigated using political and social sciences rather than attempting to

convince these people using an economic argument derived using an IAM.

While I do present an econometric study on climate impacts in this thesis in

Paper 1 and 2, I based the formulation of this damage function on empirical methods

rather than relying on process-based damage estimates. Furthermore, I purposefully

did not incorporate those damage estimates into an Integrated Assessment Model as

the question that such a model answers is in my mind not relevant anymore. What is

relevant, however, is to identify regions most at risk of suffering from climate impacts,

which is what Papers 1, 2, and 3 do. It is for those regions that we must develop

robust adaptation and development policies capable of dealing with a warmer world.

In Paper 4, I have operationalised the ‘reverse causal modelling’ approach that

now enables us to implement the approach introduced by Gelman and Imbens

(2013). This approach is then used in Paper 5 to demonstrate how much we can

learn about emission mitigation policies when we do not a-priori decide which

policies to analyse but rather allow the data to reveal the policies that have actually

been successful in reducing emissions.
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Running inadequate models

The second major gap in the existing academic literature that I have identified

in my DPhil research, relates to the way that empirical estimation is carried out

– in other words how statistical estimation of impacts is being done and how it

can be significantly improved by employing robust and novel estimation methods.

Below, I argue that although significant progress has been made in particular

aspects of climate impact estimation, approaches that consider these inadequacies

holistically are still required.

Incidentally, much of the progress in the empirical estimation of macro-economic

climate impacts was driven by changes to the functional form and specification

of the models used (Hsiang 2016). While Dell, Jones, and Olken (2012) specified

their model of GDP per capita growth in a quasi-linear set-up with linear regressors

of temperature and precipitation, but with a dummy for poorer countries, Burke,

Hsiang, and Miguel (2015) presented a highly successful study using linear regressors

in a polynomial form. The study by Pretis et al. (2018) then added further regressors

that not only consider the mean of a variable but also the variance of temperature

and precipitation across a year. However, the impact and effect of extreme climate

variables has not yet been assessed in such a set-up and therefore remains a major

gap in the macro-economic literature of climate impacts.

While there have been many further studies experimenting with the exact

specification of such models (Kalkuhl and Wenz 2020; Kotz, Levermann, and Wenz

2022), it seems clear that the appropriate specification of economic climate impact

models is non-trivial and can have significant consequences for its conclusions. This

was highlighted in great detail by Newell, Prest, and Sexton (2021) who assess the

plausibility of 800 different specifications, both implying growth and level effects

on GDP per capita. Their results show clearly that there is vast uncertainty with

models that consider climate growth effects on GDP per capita but that the much

more stable results of GDP level effect models suggest that more conventional

18



Identifying and Addressing Gaps in the Literature

estimates of the magnitude of climate impacts that have traditionally been used

in Integrated Assessment Models could be more realistic.

These advances and other meta-studies (Hsiang et al. 2017) highlight that

numerous aspects of econometric model misspecification have not been considered

systematically and much more work on this topic is needed. After all it seems that

the existing estimates of climate impacts from an economic perspective continue to

be incompatible with the dire warnings of the physical effects of climate change, best

summarised in the IPCC (2022a) reports. This is highly implausible especially when

considering the stability of future climate systems with high warming scenarios and

the risks of crossing significant tipping points (Lenton et al. 2008). Simultaneously,

existing macro-economic impact studies continue to assume that global economic

output will be several times higher than today, albeit slightly smaller than in a no-

further-climate-change-baseline (Burke, Hsiang, and Miguel 2015; Pretis et al. 2018;

Burke, Davis, and Diffenbaugh 2018). This is in part driven by the assumptions

contained in the Shared Socio-economic Pathway scenarios (SSP, Riahi et al. 2017),

but nevertheless considering the physical realities of a world 4°C to 6°C warmer

than pre-industrial levels and then claiming that macro-economic output in terms of

wealth per capita might be similar to today (see Figure 2) seems hardly plausible.

A further example of such a misspecification could arise from the coefficient

distortion of unmodelled outlying observations. This is a common concern in

applied modelling, as a small set of outliers can affect and bias regression coefficients

of estimates – in this instance, outliers could therefore considerably change the

expectation of climate impacts. Generally, such concerns can be alleviated by

using an outlier-robust estimation method, such as using a so called Huber-skip

estimator like Trimmed Least Squares (Ruppert and Carroll 1980) and Impulse

Indicator Saturation (Hendry, Johansen, and Santos 2008). But of course there is

a robustness-efficiency trade-off when using such a method – if outliers affect the

regression estimates, a robust estimator should be used. However, when outliers do

not affect regression estimates, an OLS estimation would be more efficient. While
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the resulting estimates can be compared to one another, there is no formal test that

has been established to check the distortion of regressors in this case.

In the existing climate impact literature there has been a lack of comprehensive

attention to the distortion of climate impacts by unmodelled outlying observations.

Apart from Pretis et al. (2018), I am not aware of any other study explicitly

using a robust estimator, while a formal discussion surrounding the distortion

of regression coefficients is missing At the same time, in studies attempting to

identify extreme weather events, there is a risk that (unmodelled) outlying events

can be attributed to climate and extreme weather and end up being identified

as an extreme weather event.

Lastly, I argue that the extent and speed to which society will be able to adapt

to the effects of climate change is a major remaining source of uncertainty that

is currently not incorporated into most macro-economic climate impact studies.

While a number of studies attempt to test for the stability of their estimated

climate damage functions (Burke, Hsiang, and Miguel 2015), formal discussions of

adaptation in this context have often focused on the agricultural sector (Schlenker

and Roberts 2009; Burke and Emerick 2016) or have not directly considered GDP

per capita impacts (Carleton et al. 2020; Barreca et al. 2016). Other studies,

such as Dell, Jones, and Olken (2012) have considered the role of wealth in their

estimation by incorporating a rich/poor dummy in their estimation but then do

not use this insight further in projecting future climate impacts. Outside of the

macro-economic literature, adaptation estimates are of course being considered in

many different ways (Hinkel et al. 2014), highlighting the fact that macro-economic

studies must bridge this gap in future research.

The fact that adaptation has not been tackled systematically and is hardly

ever considered in future projections of macro-economic impacts raises two key

challenges. Firstly, this information is crucial to understand where regions should

invest in adaptation solutions and could inform policy-makers where potential

limits to adaptation might lie (Dow et al. 2013; Tol, Fankhauser, and Smith
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1998). Secondly, the lack of holistic and robust estimates of future adaptation

rates has allowed critics of climate impact estimation and of the overall significance

of climate impacts in a macro-economic sense, such as Bjorn Lomborg, to claim

that existing damage estimates are widely exaggerated and that action against

climate change is not really necessary.

Adressing this gap

It is for these reasons, I argue, that critically assessing the specification of

the impact models being run is so crucial. When running models of physical

climate impacts, researchers should consider a wider potential set of covariates

that can incorporate the variability of climate and weather, while more closely

representing the full distribution of these indicators and therefore also representing

extreme climate events. Similarly, more formal consideration of the impact of

the functional form of the estimation and of the impact of outlying observations

is necessary to ensure that the estimates being used are robust and useful in a

policy context. Lastly, the role of adaptation and development will be a key factor

in future societal welfare, so should be assessed from a much more rigorous and

sophisticated macro-economic perspective.

In this thesis, I address a number of these gaps. In Paper 1, I present a

novel statistical test that can transparently document whether an estimate has

been distorted by outlying observations – and as the paper shows, traditional

econometric climate impact estimates are significantly affected by outliers. In Paper

2, I incorporate the insight from Paper 1 by using an outlier-robust estimator and

consider a much wider set of regressors to estimate climate impacts by considering

the effects that extreme climate indicators have. In Papers 1 and 2, I also consider

the role of adaptation and of income levels in the estimation of climate impacts while

Paper 2 then includes a set of projections of climate impacts that take adaptation into

account that illustrate the major role that adaptation is likely to have in the future.
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Using inadequate data

The third and last major gap that I have identified in the climate impact esti-

mation literature is the inadequate data that is being used to answer relevant

policy questions.

The vast majority of published studies in the field of macro-economic climate

impact estimation currently relies on a small number of highly aggregated measures

of climate. Often the only variable considered is a country-aggregated average

annual temperature series, occasionally accompanied with an annual average of

monthly total precipitation (see e.g. Dell, Jones, and Olken 2012; Burke, Hsiang,

and Miguel 2015; Burke, Davis, and Diffenbaugh 2018; Newell, Prest, and Sexton

2021). This approach is likely to mask a number of crucial dynamics relevant to

climate impacts, such as extreme climate events like torrential precipitation and

floods, heatwaves, tropical cyclones, and storms. All of these events might not

be represented in annually-constructed aggregate measures due to their localised

nature and short lifespan – but of course the impacts from such events are often

immense (Otto et al. 2016).

To address some of these gaps, Pretis et al. (2018) considered the monthly

variability alongside annual averages to account for the changes that climate change

is exerting on weather patterns and Kalkuhl and Wenz (2020) consider sub-national

economic output for their study on climate impacts. Most of these studies also rely

on observational climate data, such as the data from the GHCN-D network (Menne

et al. 2012) or processed interpolated products, such as the one from Matsuura and

Willmott (2018). This can be sufficient to analyse annual average temperatures

over the past few decades, but is completely inadequate for analysing extreme

climate events especially in developing countries, as this type of data is simply

missing (see e.g. Donat et al. 2013).

Identifying the true occurrence of extreme impact events is incredibly difficult.

Existing databases of such extreme weather events are of a fairly poor quality
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when it comes to reporting and analysing extreme events, especially in developing

countries. Based on one of these databases, EM-DAT, heatwaves have have resulted

in more than 140,000 deaths in the past 40 years in Europe – but have only killed

71 people in Sub-Saharan Africa from 1900 to 2019 (Harrington and Otto 2020).

This lack of structured and complete data has substantial consequences for disaster

response efforts as well as long-term adaptation financing. This is despite extreme

weather events and disasters being the most visible and present type of climate

impact that social scientists for decades.

The short-term impact of individual disasters has been studied extensively –

including using empirical econometric methods – such as in the case of Hurricane

studies by Martinez (2020b) and Martinez (2020a) who uses various indicator

saturation and super saturation methods to investigate the beneficial effects of

improved hurricane forecasts and normalized damage estimates as well as Strobl

(2011) and Strobl (2012) who uses econometric methods to study hurricanes in the

Caribbean and in the coastal areas of the United States. Fomby, Ikeda, and Loayza

(2013) consider the effects of floods, droughts, earthquakes, and storms using an

empirical vector autoregression models that contain both endogenous variables

and exogenous shocks (VARX model) while Felbermayr and Gröschl (2014, p. 93)

consider the effect of geophysical and meteorological events and find that a “disaster

in the top 1-percentile of the disaster index distribution reduces GDP per capita

by at least 6.83%, while the top 5-percentile disasters cause per capita income to

drop at least by 0.46%”, although studies such as Loayza et al. (2012) point out

using panel econometric methods of moments estimators that these effects can be

heterogeneous across sectors and are not always negative.

But also the long-term effect of individual disasters have been studied extensively,

with Hsiang and Jina (2014) econometrically analysing 6,700 Cyclones and finding

that for both rich and poor countries impacts from cyclones are long-lasting, while

the authors reject the hypothesis that there are easily avoidable losses through

migration or wealth transfers or that indeed these disasters stimulate short-term
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growth. Nonetheless, they concur with Berlemann and Wenzel (2018) that these

effects are most pronounced in developing countries.

When considering the available bottom-up databases of natural disasters that

most of these studies are based on, however, countless studies highlight issues

and challenges with them (Panwar and Sen 2020). Edmonds and Noy (2018) for

example finds that the dataset available to them leads the authors to underestimate

disaster risk and contains significant inconsistencies. Gall, Borden and Cutter (2009,

p. 807) identify a total of six general biases with these databases, which are “1)

hazard bias, which produces an uneven representation and distribution of losses

between hazard types; 2) temporal bias, which makes it difficult to compare losses

across time due to less reliable loss data in past decades; 3) threshold bias, which

results in an underrepresentation of minor and chronic events; 4) accounting bias,

which underreports indirect, uninsured, and others losses; 5) geographic bias, which

generates a spatially distorted picture of losses by over- or underrepresented certain

locales; and 6) systemic bias, which makes it difficult to compare losses between

databases due to different estimation and reporting techniques.” Felbermayr and

Gröschl (2014) show that that the likelihood of an event appearing in a disaster

database is affected by a country’s GDP per capita; a fact that is deeply concerning

given the significant vulnerabilities in developing countries which increase the

demand for such accurate data in those regions even more.

Adressing this gap

The lack of reliable and available data is always going to make robust impact

estimation more challenging. Given this data shortage, especially in terms of high

frequency spatially explicit economic data as well as accurate extreme weather

event data in developing countries, current estimates of climate impacts are very

likely to be underestimated and highly imprecise.

To address these gaps, given the data that is available, I add 27 regressors of

extreme climate to the standard set of temperature and precipitation variables to

represent the full weather distribution more accurately in Paper 2. To ensure that
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my estimation sample is not biased by a lack of observational extreme weather data,

I also make use of reanalysis data, i.e. output data from a climate model rather than

observational data directly, which is currently not standard in many other climate

impact studies. While this data is less precise in areas where reliable observations

are available, reanalysis data is crucial in areas where these observations are missing,

such as developing countries, and also provide a consistent set of indicators that

can be used in impact estimation.

Lastly in Paper 3, I present a novel method to validate and identify extreme

weather events independent of local administrative resources using machine-learning

methods. This paper is supposed to act as a first proof-of-concept paper. Given

the success of the method presented in Paper 3, however, I argue that such an

approach could be expanded further and could eventually make use of the vast data

that is being produced by satellites, reanalysis models, search-engines, and digital

payment providers and could further be paired with extensive textual analysis to

considerably improve datasets on extreme weather events in developing countries.
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Abstract

Outlying observations can bias regression estimates, requiring the use of robust estimators.

Comparing robust estimates to those obtained using OLS is a common robustness check, how-

ever, such comparisons have been mostly informal due to the lack of available tests. Here we

introduce a formal test for coefficient distortion due to outliers in regression models. Our pro-

posed test is based on the difference between OLS and robust estimates obtained using a class

of Huber-skip M-type estimators (such as Impulse Indicator Saturation or Robustified Least

Squares). Establishing asymptotics of the corresponding Huber-skip M-estimators using an em-

pirical process CLT recently developed in the literature, we show that our distortion test has

an asymptotic chi-squared distribution. The test is valid for cross-sectional, as well as panel,

and stationary or deterministically-trending time series models. To improve finite sample per-

formance and to alleviate concerns on distributional assumptions, we explore several bootstrap

testing schemes. We apply our outlier distortion test to estimates of the macro-economic impacts

of climate change allowing for adaptation.
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1 Introduction

A common concern in empirical modelling centres around whether estimated regression coefficients

are affected by a small set of outlying observations. Comparing OLS estimates to those obtained

using an outlier-robust estimator is a common robustness check in the applied literature. However,

such comparisons are mostly done heuristically, due to a lack of formal tests. Here we propose a

formal test for outlier distortion assessing whether robust estimates obtained using popular outlier-

robust Huber-skip estimators are different from those obtained using OLS. We apply our test to

estimates of the macro-economic impacts of climate change allowing for adaptation.

Distorted estimates due to outlying observations are of particular concern in empirical analyses

of the economic impacts of climate change. The standard approach in the empirical macro-economic

climate-impact literature is to estimate country or region-level panel models, modelling GDP per

capita growth as a function of population-weighted climate observations, see for example Dell et

al. (2012); Burke et al. (2015); Pretis, Schwarz, et al. (2018); Kalkuhl & Wenz (2020); Newell et

al. (2021). Control variables in these impact models are conventionally limited to unit and time

fixed effects, together with unit-specific non-linear time trends. With such limited controls and

the wide range of determinants of economic growth, there is the potential for many un-modelled

idiosyncratic shocks (i.e. outliers) to bias the estimated coefficients on climate variables. Existing

estimates in the climate impact literature have relied on heuristic comparisons of OLS and outlier-

robust estimates due to a lack of formal tests. For instance, comparing robust estimates to their

main OLS specification, Dell et al. (2012) write in their seminal paper modelling GDP growth as

a function of temperatures: “When we use median regressions to reduce the impact of outliers, the

estimated impact [of temperatures] for poor countries becomes slightly larger and substantially more

statistically significant”. However, it is unclear whether ‘slightly larger’ implies that the estimates

are statistically different from those obtained using OLS. Similarly, Pretis, Schwarz, et al. (2018)

estimate an empirical impact model robust to outliers using Impulse Indicator Saturation (IIS -

see Hendry et al. 2008), finding that “controlling for these outlying observations reduces the slope

of the estimated temperature curve [...] (suggesting reduced impact of temperatures on countries

with low average annual temperatures)”. Nevertheless, this comparison also remains informal as no

test was available to compare OLS to robust IIS estimates. Such potentially-distorted coefficients

may result in biases in the projections of the economic impacts of climate change and subsequently

distort cost-benefit analyses of climate policy.

Outlier-robust estimators as in the above two cases pose a robustness-efficiency trade-off. When

outliers are present, we should rely on robust estimators. When no outliers are present, OLS is

more efficient. Unfortunately in practise the presence of outliers and any resulting distortion in

coefficients is unknown. To assess whether the gain in robustness offsets the loss of efficiency when

using robust estimators, we propose an outlier distortion test. Specifically, we introduce a test

for outlier distortion comparing the difference between OLS and robust estimates derived from

Huber-skip estimators. The robust procedure underlying Huber-skip estimators is to use least

squares estimators on “clean” data obtained by removing observations with extreme residuals from

an initial least squares regression fit. This two-step procedure originates from the robust statistics

literature, where it has been referred to as Trimmed Least Squares (Ruppert & Carroll 1980);

the Data-analytic Strategy (Welsh & Ronchetti 2002); and the 1-step Huber-skip M-estimator

(Johansen & Nielsen 2009). This procedure may start with any initial estimator, including robust
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ones. Two special cases are Robustified Least Squares (RLS) and IIS, which respectively use the

full sample and split sample least squares as initial estimators. Huber-skip type estimators have

been widely applied in empirical studies to conduct outlier robustness checks, with RLS being

used to estimate the social returns to equipment investment (De Long & Summers 1991, 1994,

Auerbach et al. 1994), the institutional impact on economic growth (Acemoglu et al. 2001, 2012,

Albouy 2012, Acemoglu et al. 2019); and IIS being used to model wages (Castle & Hendry 2009),

food expenditure and demand (Hendry & Mizon 2011), money demand (Dreger & Wolters 2014),

housing markets (Anundsen 2015), unemployment (Nymoen & Sparrman 2015), exchange rates

(Stillwagon 2016), debt forecasts (Ericsson 2017); with climate applications ranging from assessing

climate model performances (Pretis et al. 2015) to detecting volcanic eruptions in temperature

reconstructions (Schneider et al. 2017) to hurricane damages (Martinez 2020). However, since no

statistical test was available to compare OLS to RLS/IIS all of these studies had to rely on heuristic

comparisons of OLS and outlier robust estimators (RLS/IIS) without being able to formally assess

whether outliers distort the coefficients on the variables of interest.

The main contribution of our paper is thus to construct a formal test for outlier-robustness of

regression coefficients. When no outliers are present, we expect the difference between OLS and

robust estimators to be small. In turn, when outliers are present and distort regression estimates,

the difference between the two estimators will be large.1 We show that our test based on the differ-

ence between OLS and RLS/IIS has an asymptotic χ2 distribution and mirrors the test statistics

in Durbin (1954)-Hausman (1978)-Wu (1973). We arrive at this result by analytically deriving the

limiting distribution of the robust Huber-skip estimators RLS/IIS in cross-sectional and time series

regressions, where regressors can be either stationary or deterministically-trending. These results

enable us to evaluate whether the gain in robustness is more valuable than the corresponding loss

in efficiency when using RLS/IIS. These results also allows to test whether the parameter of inter-

est changes its value significantly before and after removing outliers, providing a formal analysis

of outlier sensitivity. Our simulations show that the test has a size close to nominal levels once

sample sizes are moderately large (n ≥ 200) and exhibits high power under a range of alternatives

for both vertical outliers as well as bad leverage points. To improve finite sample performance and

to alleviate concerns around target reference distributions, we further introduce and explore several

bootstrap testing schemes of our distortion test.

The literature on outlier robustness has not commonly focused on testing distortion of coeffi-

cients. Two papers, however, are notable exceptions and closely related to our approach. First,

Kaji (2018) asymptotically studies outlier-robust estimators, such as RLS or winsorized estimators,

all of which can be represented as L-statistics (integrals of transformations of empirical quantile

functions with respect to corresponding random sample selection measures). His argument can be

extended to instrumental variables regressions, but requires iid observations. Compared to Kaji

(2018), we characterise the RLS/IIS and other Huber-skip type estimators as a new class of weighted

and marked empirical processes. Our argument is constructed specifically for RLS/IIS allowing us

to explore these algorithms in depth. For example, our theory can explore the asymptotics of the

variance estimator, iteration of the algorithms, variations of the robustification parameter, and dif-

ferent initial estimators, such as least trimmed squares. In addition, our analysis does not require

1For example, Hendry & Mizon (2011) show extreme distortion of regression estimates due to outliers when
investigating the effect of relative prices on food expenditure. The sign of the coefficient changes from positive to
negative after using the robust Huber-skip IIS estimator.
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iid data and is also valid for time series regressions.

Second, Dehon et al. (2012) propose a Hausman-type test for comparing OLS to robust S-

estimators. Asymptotic theory of the S-estimators has been well established in the robust statistics

literature, thus Dehon et al. (2012) do not need to derive the asymptotics when constructing the

outlier distortion test for S-estimators. In contrast, we have to first study the statistical properties

of RLS/IIS using the empirical process theory recently developed in the literature in order to explore

the difference between OLS and RLS/IIS. In addition, Dehon et al. (2012) restrict their study in

the iid setup, whereas time series regressions are allowed in our framework.

In order to develop our outlier distortion test, we have to study the asymptotic behaviour

of RLS/IIS and two-step outlier-robust procedures in general. The Huber-skip M-type robust

estimators involve weighted and marked empirical processes. These have been studied by Berenguer-

Rico et al. (2019) using a martingale decomposition argument with the main results summarized

in their Theorem 4.4. To emphasize the theoretical connection to Berenguer-Rico et al. (2019),

we present the tightness and first order expansions of their one-sided empirical processes in our

Lemma A.1 and extend it to Lemma A.2. We consider two-sided processes which can be applied

directly to analyze Huber-skip M-estimators. Some closely related work includes Hendry et al.

(2008), Johansen & Nielsen (2009, 2013, 2016a,b, 2019), and Jiao & Nielsen (2015) on analyzing

M- and L-type estimators.

Our theory suggests two improvements to existing simple two-step procedures for outlier detec-

tion. First, the ordinary variance estimator needs to be bias-corrected due to the fact that some

observations may be wrongly classified as outliers and subsequently removed under the null of no

outliers. Second, to further gain robustness, the two-step procedure can be iterated until conver-

gence to a fixed point which is shown to have the same first order asymptotics as the Huber-skip

M-estimator. Our paper then establishes tightness, a stochastic expansion, and weak convergence

of the robust estimators produced by the improved iterated procedure in cross-sectional or time

series regressions with stationary and deterministically-trending regressors.

In the wider literature on Huber-skip estimators, our work is related to Jiao & Pretis (2022) who

study whether the proportion or number of outliers is different from their expected values when

no outliers are present. Jiao (2019) and Jiao & Kurle (2021) further extend asymptotic theory

of the RLS/IIS algorithms and their false outlier detection rate to instrumental variables regres-

sions. Berenguer-Rico & Nielsen (2018) and Berenguer-Rico & Wilms (2021) consider diagnostic

testing on residuals for normality and heteroskedasticity after outlier removal by robust Huber-skip

regressions.

We apply our proposed test of outlier distortion to estimates of the macro-economic impacts of

climate change using the robust IIS estimator. Specifically, we estimate a macro-economic climate

impact model in line with the growing panel-econometric literature modelling GDP per capita

growth as a function of (non-linear) climate variables. We make two contributions to the existing

climate-econometric literature. First, to address un-modelled (and a-priori unknown) idiosyncratic

shocks, we apply the robust IIS estimator and re-estimate the macro-economic impact model of

Burke, Hsiang, and Miguel (2015). We then test for outlier distortion of the estimated coefficients

to check whether conventional OLS estimates are likely biased due to outliers. Second, as countries

become richer, they may be better able to mitigate weather/climate shocks. Beyond existing

estimates, we thus consider income-based adaptation. Specifically, we allow the impact of year-
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on-year changes in temperatures to vary by time-varying country-specific income levels (similar to

Carleton et al. (2020) for mortality).

Our results show that conventional OLS panel estimates of the growth-temperature relationship

are significantly different from those obtained using the robust estimator. Once we control for

detected outliers, the estimated impacts of temperatures on economic growth are attenuated both

for our base model and our adaptation model at all income levels compared to conventional OLS

estimates. We also find significant evidence of income-driven adaptation to temperatures. Climate

effects are dampened as incomes increase, suggesting that richer countries are likely to have a

greater capacity to deal with the consequences of continued climate change, in turn exacerbating

existing cross-country inequality.

Our paper proceeds as follows: Section 2 presents our main results with all proofs shown in

the online Appendix A. In particular, Section 2.1 and Section 2.2 introduces the regression model,

assumptions required for analysis, and a class of outlier-robust algorithms including RLS and IIS.

Section 2.3 establishes asymptotic theory of RLS and IIS, whilst Section 2.4 proposes the outlier

distortion test. Then, Section 3 conducts Monte Carlo studies with additional simulation results in

the online Appendix. Finally, Section 4 applies the outlier distortion test to the macro-economic

impacts of climate change using the robust IIS estimator.

2 Outlier Distortion Test

We consider a linear regression model

yi = x′iβ + εi, i = 1, 2, . . . , n, (2.1)

for the data {(yi, xi)}ni=1, where yi is univariate and xi is multivariate with the dimension dx.

This setting can represent both classical, time series, and panel regression models. Moreover, in

our analysis, regressors xi can be either stationary or deterministically-trending. Innovations εi/σ

are independent of the filtration Fi−1 = σ(x1, . . . , xi, ε1, . . . , εi−1) with the common density f and

distribution function F(c) = P(εi/σ ≤ c). Denote g as the density of the absolute error |εi|/σ and its

distribution function by G(c) = P(|εi|/σ ≤ c) for c > 0. Assuming symmetry of f, G(c) = 2F(c)− 1

and g(c) = 2f(c). Define ψc = G(c) so the probability of exceeding the cut-off c is γc = 1 − ψc.

Suppose the k-th (truncated) moment of the density f exists so that they can be defined as

τk =

∫ ∞

−∞
ukf(u)du, τ ck =

∫ c

−c
ukf(u)du. (2.2)

Thus, τ c0 = ψc, τ2 = 1 while τk = τ ck = 0 for odd k under symmetry. We define the conditional

variance of εi/σ given (|εi|/σ ≤ c) as

ς2c =
τ c2
ψc

=

∫ c
−c u

2f(u)du

P(|εi| ≤ σc)
. (2.3)

This is the bias correction factor for the variance estimate computed from the selected non-outlying

sample. For a Normal reference εi/σ ∼ N(0, 1), then τ c2 = ψc − 2cf(c), τ c4 = 3ψc − 2c(c2 + 3)f(c)

and τ4 = 3.
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Outliers are pairs of observations that do not conform with the model (2.1) or with the reference

density f. We are interested in the presence of outliers where the errors εi/σ are drawn from the

reference distribution f but potentially contaminated by an arbitrary (possibly fatter tail) unknown

distribution fc under ϵ-contamination framework as in Huber (1964)

(1− ϵ)f + ϵfc. (2.4)

Compared to not imposing a parametric distribution on errors, the mixture model of f and fc in

(2.4) is an alternative way to relax the assumption on εi/σ ∼ f. The following section describes

the iterated 1-step Huber-skip M-estimator where we subsequently derive its asymptotic properties

and present a new Durbin-Hausman-Wu type test to formalize outlier robustness checks.

2.1 Algorithms Robust to Outliers

We consider algorithms that remove outliers following an initial estimator. The simplest approach

is to use least squares estimators on “clean” data obtained by removing observations with extreme

residuals from an initial least squares regression fit. There are, however, two potential improvements

to this simple two-step procedure (also referred to as trimmed least squares). First, Johansen &

Nielsen (2009) suggest that the updated variance estimator should be corrected by the factor ς−2

introduced in (2.3), since the simple procedure underestimates σ2 in the case where observations

are identified by chance and falsely removed as outliers. Second, robustness of the estimator could

be improved by iterating the procedure. Considering these two improvements, we study the so

called iterated 1-step Huber-skip M-estimators in Algorithm 2.1:

Algorithm 2.1. Choose a cut-off c > 0.

1. Choose initial estimators β̂
(0)
c , (σ̂

(0)
c )2 and let m = 0.

2. Define indicator variables for selecting non-outlying observations

v
(m)
i,c = 1

(|yi−x′iβ̂
(m)
c |≤σ̂(m)

c c)
. (2.5)

3. Compute least squares estimators

β̂(m+1)
c = (

n∑

i=1

xix
′
iv

(m)
i,c )−1(

n∑

i=1

xiyiv
(m)
i,c ), (2.6)

(σ̂(m+1)
c )2 = ς−2

c (
n∑

i=1

v
(m)
i,c )−1{

n∑

i=1

(yi − x′iβ̂
(m+1)
c )2v

(m)
i,c }. (2.7)

4. Let m = m+ 1 and repeat 2 and 3.

Having defined the robust algorithm 2.1, we need to specify initial estimators β̂
(0)
c , (σ̂

(0)
c )2. It

is common to choose the full sample OLS as the initial estimator (see for example Acemoglu et al.

(2019) and other references listed in the introduction).

We refer to using OLS as the initial estimator as Robustified Least Squares (RLS). While this

estimator is popular in practise (and thus part of our analysis), it is itself is not an ideal robust

estimator as the initial estimator is not robust to outliers. Therefore we primarily focus our analysis

on a robust initial estimator, such as the split sample least squares approach described in Algorithm
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2.2 and referred to as Impulse Indicator Saturation (IIS – see Hendry, Johansen, and Santos 2008).

In our climate application, we rely on the robust estimates using IIS to draw inference on macro-

economic impacts of climate change. IIS starts with an initial estimator which divides the full

sample into two sub-samples and uses regression estimates calculated from each sub-sample to

detect outliers in the other sub-sample:

Algorithm 2.2. Stylized Impulse Indicator Saturation. Choose a cut-off c > 0.

1.1. Split full sample into two sets Ij, j = 1, 2 of nj observations where
∑2

j=1 nj = n.

1.2. Calculate least squares estimators based upon each sub-sample Ij for j = 1, 2

β̂j = (
∑

i∈Ij
xix

′
i)
−1(
∑

i∈Ij
xiyi), σ̂2j =

1

nj

∑

i∈Ij
(yi − x′iβ̂j)

2. (2.8)

1.3. Define the initial indicator variables for selecting non-outlying observations

v
(0)
i,c = 1(i∈I1)1(|yi−x′iβ̂2|≤σ̂2c)

+ 1(i∈I2)1(|yi−x′iβ̂1|≤σ̂1c)
. (2.9)

1.4. Compute β̂
(1)
c , (σ̂

(1)
c )2 using (2.6), (2.7) with m = 0, and then let m = 1.

2. Follow the step 2,3,4 in Algorithm 2.1.

The initial sets I1 and I2 should be iterated as the location of of contaminated observations

is generally unknown. The iterated 1-step Huber-skip M-estimator mimics the Huber (1964) skip2

estimator with the criterion function

ρ(t) =

{
t2

2 , if |t| ≤ c,
c2

2 , otherwise,
(2.10)

which is immune to either outliers or a fatter tail distribution (defined relative to the reference

f) under the ϵ-contamination (1 − ϵ)f + ϵfc. In practise, instead of applying the simple two-step

approach, we recommend iterating Algorithm 2.1 until it converges to a fixed point. We show later

in our theory that the fixed point estimator has the same first order asymptotics as the Huber-skip

estimator. Thus, Algorithm 2.1 can be understood as an approximation to a the Huber-skip regres-

sion. Even with a non-robust OLS starting point, iterating the algorithm increases the robustness

of the resulting estimators and results in a fixed point which behaves similarly to the robust Huber-

skip regression. Jiao & Pretis (2022) provide guidance on selecting the robustification parameter c

and address the testing problem for overall presence of outliers by theoretically analyzing the false

outlier detection rate (referred to as the gauge). The main purpose of our paper here is to formal-

ize outlier robustness checks of comparing OLS estimates of β to the robust estimates produced

by Algorithm 2.1 as the Durbin-Hausman-Wu type test by establishing weak convergence of the

iterated 1-step Huber-skip M-estimator with a drifting cut-off c.

2See Hampel et al. (1986) (p. 104) for the Huber-skip type estimator as opposed to the Huber estimator with the
criterion function

ρ(t) =

{
t2

2
, if |t| ≤ c,

c|t| − c2/2, otherwise.
.
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2.2 Assumptions for Asymptotic Theory

We briefly discuss the assumptions required to derive the weak convergence of the robust esti-

mators and formalise our robustness test. Innovations εi and regressors xi must satisfy moment

conditions as outlined in Assumption 2.1 for our asymptotic analysis. Regressors xi can be tem-

porally dependent and deterministically trending. We therefore require a normalisation matrix N

that allows for different behaviour of the components of the regressor vector xi. In the case of

a stationary regressor we need a standard n−1/2 normalisation so that N must be proportional

to the identity matrix of the same dimension as xi, that is N = n−1/2Idx . If the regressors are

unbalanced as in xi = (1, i)′ we can choose N = diag(n−1/2, n−3/2). Thus, denote the normalized

regressors as xin = N ′xi. Explosive bubble processes and regressions with co-trending regressors

are not analyzed in the paper.

Assumption 2.1. Let Fi be an increasing sequence of σ-fields so εi−1 and xi are Fi−1 measurable

and εi is independent of Fi−1. Let εi/σ have a symmetric, continuously differentiable density f

which is positive on the real line R. For some values of η such that 0 < η ≤ 1/4, choose an integer

r ≥ 2 so

2r−1 > 1 + (1/4− η)(1 + dx). (2.11)

Let q = 1 + 2r+1. Suppose

(i) the density f satisfies

(a) |u|qf(u), |uq+1ḟ(u)| are decreasing for large u;

(ii) the regressors xi satisfy

(a) Σn =
∑n

i=1 xinx
′
in

D→ Σ
a.s.
> 0;

(b) n−1E
∑n

i=1 |n1/2xin|q = O(1);

(iii) the initial estimator (β̃, σ̃2) satisfies

(a) N−1(β̃ − β) = OP(n
1/4−η);

(b) n1/2(σ̃2 − σ2) = OP(n
1/4−η).

While these assumptions may appear abstract, conditions (i), (ii) are satisfied in a range of

situations. In particular, the condition (i) is satisfied by the Normal and t distributions; see

discussions on the assumptions on f in Berenguer-Rico & Nielsen (2018), while the condition (ii)

is satisfied by stationary and deterministically trending regressors; see assumptions and examples

regarding time series regressors xi in Johansen & Nielsen (2016a), as well as by explosive processes;

see a remark in Berenguer-Rico et al. (2019). Condition (iii) allows the standardised estimation

errors to diverge at a rate of n1/4−η rather than being bounded in probability. In particular, η = 1/4

can be chosen for estimators with standard convergence rates.

There is a trade-off in (2.11) between η, the divergence rate of initial estimators β̃, σ̃2, and r,

the required number of moments for innovations εi and regressors xi. If we have standard initial

estimators which are bounded in probability after normalization, such as RLS and IIS, then η

becomes 1/4 so we can choose r = 2 regardless of dimension of regressors, implying we only require

the lower number of moments. Whereas for non-standard diverging estimators, i.e. 0 < η < 1/4

and 1/4 − η > 0, then the required number r of moments grows linearly with the dimension of

the regressor. This would be relevant for the n1/3-consistent least median of squares regression

estimator proposed by Rousseeuw (1984).
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It is also feasible to extend the asymptotic analysis to the case of an asymmetric error distri-

bution. The assumption of symmetry of f could be relaxed if the cut-off values c < c are chosen

accordingly. Notably, this applies under the null hypothesis of no outlier contamination as our

proposed approach will have power under the alternative when contamination is asymmetric. The

machinery of deriving asymptotics under the null in our paper holds when f is asymmetric, how-

ever some notation has to be adapted to accommodate this scenario. For example, the truncated

moments have to be re-defined as τ ck =
∫ c
c u

kf(u)du. We now still have τ0 = τ2 = 1, τ1 = 0, and

τ c0 = ψc, where ψc = P(σc ≤ εi ≤ σc) and γc = 1 − ψc. In Algorithm 2.1, we then select two

critical values c and c such that τ c1 = 0. The indicator variables (2.5) for selecting non-outlying

observations then become v
(m)
i,c = 1

(σ̂
(m)
c c≤yi−x′iβ̂

(m)
c ≤σ̂(m)

c c)
. The rest of the algorithm is then well

defined to accommodate the asymmetric f with two chosen cut-offs c and c. Asymptotic analysis

then remains identical to our main specification even under asymmetry of f, however a theory is

required for adjusting to the new type of empirical processes. In Appendix A we present a LLN

and CLT for the necessary type of empirical processes.

When f is symmetric and two symmetric cut-off values −c and c are chosen, the robust estimator

β̂
(m)
c is consistent though less efficient under the null of no outliers while σ̂

(m)
c needs to be bias-

corrected in order to be consistent. For an asymmetric f, two critical values c and c can be selected

similarly in the sense that τ c1 = 0, then β̂
(m)
c and σ̂

(m)
c have the same asymptotic behaviour as

analyzed under symmetry. Otherwise, if c and c are chosen in a way such that τ c1 ̸= 0, then β̂
(m)
c is

biased as well, thus it is essential to control such additional bias terms through asymptotic studies

(see Johansen & Nielsen (2009) for a similar argument and detailed discussion).

2.3 Weak Convergence

To formalise the comparison of OLS to outlier-robust estimators like RLS/IIS as a statistical test,

we first need to study the asymptotic behaviours of such robust estimators. We focus on a class

of iterated one-step Huber-skip estimators, whose analysis relies on the empirical process theory

recently developed by Berenguer-Rico et al. (2019). Therefore, in this section we provide asymptotic

theory such as tightness, stochastic expansions, fixed points of the iterated estimators computed

by Algorithm 2.1, and establish weak convergence of RLS/IIS. Equipped with weak convergence

results, we then introduce our outlier distortion test in Section 2.4. Our arguments hold uniformly

in cut-off values c and can be extended to develop outlier distortion tests using other types of robust

estimators as long as their limiting distributions are well established.

Theorem 2.1 shows that the iterated estimator produced by Algorithm 2.1 is tight in the iteration

m ∈ [0,∞) and in the cut-off value c ∈ [c+,∞). Note that c+ > 0 is a small positive number.

Theorem 2.1. Consider the iterated 1-step Huber-skip M-estimator in Algorithm 2.1. Suppose

Assumption 2.1 holds with η = 1/4. Then, as n→ ∞

sup
0≤m<∞

sup
c+≤c<∞

|N−1(β̂(m)
c − β)|+ |n1/2(σ̂(m)

c − σ)| = OP(1).

First, Assumption 2.1(iii) with η = 1/4 corresponds to a standard convergence rate for the

initial estimator. With the 1-step relationship between the updated and the original estimator

provided by Lemma A.4 (see also Corollary 2.3), the tightness can then be demonstrated by a
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geometric argument and mathematical induction.

The above tightness theorem implies uniform consistency of the iterated estimators computed

by Algorithm 2.1, that is β̂
(m)
c

P→ β and σ̂
(m)
c

P→ σ uniformly in the cut-off value c and iteration

step m as n → ∞. Secondly, tightness will also be used to establish fixed points β̂
(∗)
c and σ̂

(∗)
c of

Algorithm 2.1 upon infinite iterations when m→ ∞ and to demonstrate weak convergence theory

of RLS and IIS.

Next, theorem 2.2 shows the stochastic expansions of any iterated step estimators of Algorithm

2.1 in terms of the initial estimators, kernels, and small remainder terms.

Theorem 2.2. Consider the iterated 1-step Huber-skip M-estimator in Algorithm 2.1. Suppose

Assumption 2.1 holds with η = 1/4. Then, as n → ∞ and uniformly in c ∈ [c+,∞), we have for

any m ∈ [0,∞)

N−1(β̂(m+1)
c − β) = ϱ

(m+1)
β,c N−1(β̂(0)c − β) + ϱ(m+1)

xε,c Σ−1
n

n∑

i=1

xinεi1(|εi|≤σc) + oP(1),

n1/2(σ̂(m+1)
c − σ) = ϱ(m+1)

σ,c n1/2(σ̂(0)c − σ) + ϱ(m+1)
εε,c n−1/2

n∑

i=1

(
ε2i
σ2

− ς2c )1(|εi|≤σc) + oP(1),

where coefficients have expressions

ϱ
(m+1)
β,c = {2cf(c)

ψc
}m+1, ϱ(m+1)

xε,c =
ψm+1
c − {2cf(c)}m+1

ψm+1
c {ψc − 2cf(c)}

,

ϱ(m+1)
σ,c = {c(c

2 − ς2c )f(c)

τ c2
}m+1, ϱ(m+1)

εε,c = σ
(τ c2)

m+1 − {c(c2 − ς2c )f(c)}m+1

2(τ c2)
m+1{τ c2 − c(c2 − ς2c )f(c)}

.

The above theorem generalises Lemma A.4 in the sense that its proof is to recursively apply

the one-step expansion of the updated estimator in terms of the original ones. Let m = 0 such that

ϱ
(1)
β,c = 2cf(c)/ψc, ϱ

(1)
xε,c = ψ−1

c , ϱ
(1)
σ,c = c(c2 − ς2c )f(c)/τ

c
2 , and ϱ

(1)
εε,c = σ/(2τ c2), then the expansion

immediately reduces to the one-step case. Here, we provide the following corollary to re-express

Lemma A.4 as a stochastic expansion of the fist-step estimators in terms of the initial ones and the

kernel terms.

Corollary 2.3. Consider the iterated 1-step Huber-skip M-estimator in Algorithm 2.1. Suppose

Assumption 2.1 holds with η = 1/4. Then, as n→ ∞ and uniformly in c ∈ [c+,∞), we have

N−1(β̂(1)c − β) =
2cf(c)

ψc
N−1(β̂(0)c − β) + (ψcΣn)

−1
n∑

i=1

xinεi1(|εi|≤σc) + oP(1),

n1/2(σ̂(1)c − σ) =
c(c2 − ς2c )f(c)

τ c2
n1/2(σ̂(0)c − σ)

+
σ

2τ c2
n−1/2

n∑

i=1

(
ε2i
σ2

− ς2c )1(|εi|≤σc) + oP(1).

Initially the tight estimator is assumed to be available and it is subsequently iterated through

the above one-step expansion. Assumption 2.1(i) implies that autoregressive coefficients 2cf(c)/ψc
and c(c2− ς2c )f(c)/τ

c
2 are strictly bounded by one holding uniformly in c, suggesting that the above
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equation is a contraction mapping. Thus, Algorithm 2.1 will converge to a fixed point as the

iteration step increases to be sufficiently large. Let m → ∞ in Theorem 2.2 such that ϱ
(∞)
β,c = 0,

ϱ
(∞)
xε,c = 1/{ψc − 2cf(c)}, ϱ(∞)

σ,c = 0, and ϱ
(∞)
εε,c = σ/[2{τ c2 − c(c2 − ς2c )f(c)}], then the below theorem

finds the fixed point N−1(β̂
(∗)
c − β) = N−1(β̂

(∞)
c − β), n1/2(σ̂

(∗)
c − σ) = n1/2(σ̂

(∞)
c − σ).

Theorem 2.4. Consider the iterated 1-step Huber-skip M-estimator in Algorithm 2.1. Suppose

Assumption 2.1 holds with η = 1/4. Then, for all ϵ, δ > 0 a pair m0, n0 > 0 exists, so for all

m > m0 and n > n0

P{ sup
c+≤c<∞

|N−1(β̂(m)
c − β̂(∗)c )|+ |n1/2(σ̂(m)

c − σ̂(∗)c )| > δ} < ϵ,

where

N−1(β̂(∗)c − β) =
1

ψc − 2cf(c)
Σ−1
n

n∑

i=1

xinεi1(|εi|≤σc),

n1/2(σ̂(∗)c − σ) =
σ

2{τ c2 − c(c2 − ς2c )f(c)}
n−1/2

n∑

i=1

(
ε2i
σ2

− ς2c )1(|εi|≤σc).

The proof is conducted as follows. According to Theorem 2.1, if the initial estimator is bounded

in a large compact set with a large probability, then any iterated estimators of Algorithm 2.1 take

values in the same compact set no matter what value of the cut-off c is chosen. Next, the argument

is to further demonstrate that the deviation between the m-fold iterated estimator and the fixed

point is the sum of two terms vanishing exponentially and in probability respectively as m and n

go to infinity.

Theorem 2.4 shows the first order asymptotics of the fixed point of Algorithm 2.1, and it is

in fact the same as that of the Huber (1964) skip estimator, thus the iterated one-step Huber-

skip M-estimator mimics the Huber-skip estimator and Algorithm 2.1 can be understood as an

implementation of the Huber-skip estimation as a non-linear optimisation problem.

The choice of the initial estimator does not affect Algorithm 2.1 in terms of finding the fixed

point, as long as it has the tightness property. Thus, the fixed point theorem also applies in the case

of RLS and IIS. It also applies to the theorems regarding to tightness and stochastic expansions,

since the full sample or split sample least squares as their starting estimators are tight. We now

show the stochastic expansions of RLS and IIS in order to establish weak convergence theory.

Theorem 2.5. Consider Robustified Least Squares (RLS) or split half Impulse Indicator Saturation

where n1 = int[n/2] and n2 = n−n1 (IIS). Suppose Assumption 2.1(i, ii) holds for each sub-sample

set I1, I2. Then, as n→ ∞ and uniformly in c ∈ [c+,∞) we have for any m ∈ [0,∞)

N−1(β̂(m+1)
c − β) = ϱ

(m+1)
β,c Σ−1

n

n∑

i=1

xinεi + ϱ(m+1)
xε,c Σ−1

n

n∑

i=1

xinεi1(|εi|≤σc) + oP(1),

n1/2(σ̂(m+1)
c − σ) = ϱ(m+1)

σ,c

σ

2
n−1/2

n∑

i=1

(
ε2i
σ2

− 1)

+ ϱ(m+1)
εε,c n−1/2

n∑

i=1

(
ε2i
σ2

− ς2c )1(|εi|≤σc) + oP(1),
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where the coefficients ϱ
(m+1)
β,c , ϱ

(m+1)
xε,c , ϱ

(m+1)
σ,c , ϱ

(m+1)
εε,c are defined in Theorem 2.2.

Substituting the expansion of the full sample least squares as the initial estimator in Theorem

2.2, we immediately prove the above theorem for RLS. Then, we find that the split half version

of IIS has the identical expansion as RLS. The first step updated estimator and the fixed point of

RLS and IIS are two special cases of our main result, so their expansions can be obtained by letting

m = 0 and m→ ∞. With Theorem 2.5, we are ready to establish the weak convergence theory for

RLS and IIS in cases where we primarily focus on stationary regressions with deterministic trends.

Theorem 2.1 demonstrates uniform consistency of the iterated estimators of β, σ2. Next, we

concentrate on distributional analysis of the iterated estimator of β. Using the stochastic expansion

of the β estimator in Theorem 2.5, it suffices to analyse the distribution of the kernel vector∑n
i=1(x

′
inεi, x

′
inεi1(|εi|≤σc))

′. With this purpose in mind, we first need to discuss the choice of the

normalisation matrix N in xin = N ′xi and the limiting behaviour of the covariance matrix of the

normalised regressors Σn =
∑n

i=1 xinx
′
in.

Stationary case. Suppose regressors are cross-sectional iid or arise from a stationary time series

model. Thus, we choose N = n−1/2Idx for normalising the regressors such that xin = N ′xi =

n−1/2xi. Then, Σn =
∑n

i=1 xinx
′
in = n−1

∑n
i=1 xix

′
i converges in probability to a deterministic

term Σ = Exix
′
i by LLN. To investigate the asymptotic behaviour of the kernel vector, we apply

martingale CLT so that for any c ∈ [c+,∞)

n∑

i=1

(
xinεi

xinεi1(|εi|≤σc)

)
= n−1/2

n∑

i=1

(
xiεi

xiεi1(|εi|≤σc)

)
D→ N

{(
0dx
0dx

)
, σ2τ c2

(
1
τc2
Σ Σ

Σ Σ

)}
.

Drifting cut-off values c in the interval [c+,∞), we obtain a sequence of processes G(m+1)
n (c) =

N−1(β̂
(m+1)
c −β) = n1/2(β̂

(m+1)
c −β) for any m ∈ [0,∞). We can now establish a weak convergence

theory for G(m+1)
n , which follows from a finite dimensional convergence and tightness; see Billingsley

(1968). The below theorem then shows that RLS and IIS are asymptotically approximated by a

Gaussian process.

Theorem 2.6. Consider RLS or IIS. Suppose Assumption 2.1(i, ii) holds. For any m ∈ [0,∞),

denote the processes G(m+1)
n (c) = n1/2(β̂

(m+1)
c −β) with the argument c ∈ [c+,∞). Then as n→ ∞,

G(m+1)
n weakly converges to a zero mean Gaussian process G(m+1) with variance

Var{G(m+1)(c)} = {(ϱ(m+1)
β,c )2 + 2τ c2ϱ

(m+1)
β,c ϱ(m+1)

xε,c + τ c2(ϱ
(m+1)
xε,c )2}σ2Σ−1,

where ϱ
(m+1)
β,c , ϱ

(m+1)
xε,c are defined in Theorem 2.2.

Again, the one-step updated estimator and fixed point are of particular interest in RLS or IIS. To

explore their weak convergence, let m = 0 and m→ ∞ in Theorem 2.6 such that ϱ
(1)
β,c = 2cf(c)/ψc,

ϱ
(1)
xε,c = ψ−1

c and ϱ
(∞)
β,c = 0, ϱ

(∞)
xε,c = 1/{ψc − 2cf(c)}, then we have the below corollary.

Corollary 2.7. Consider RLS or IIS. Suppose Assumption 2.1(i, ii) holds. The cut-off c drifts

in the interval [c+,∞). Then as n → ∞, for m = 0 a sequence of processes G(1)
n of the initial

estimator weakly converges to a zero mean Gaussian process G(1) with variance

Var{G(1)(c)} =
4c2f2(c) + 4τ c2cf(c) + τ c2

ψ2
c

σ2Σ−1.
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In addition, for m→ ∞ a sequence of processes G(∗)
n of the fixed point estimator weakly converges

to a zero mean Gaussian process G(∗) with variance

Var{G(∗)(c)} =
τ c2

{ψc − 2cf(c)}2σ
2Σ−1.

Deterministic trends. To keep notations simple and analysis clear, here we consider an example

which follows the regression

yi = β0 + β1i+ εi, i = 1, 2, . . . , n.

For the regressors xi = (1, i)′, we choose the normalisation matrix N =

(
n−1/2 0

0 n−3/2

)
so that

xin = N ′xi = (n−1/2, n−3/2i)′. Then, it follows

Σn =
n∑

i=1

xinx
′
in =

n∑

i=1

(
n−1 n−2i

n−2i n−3i2

)
→
(

1 1/2

1/2 1/3

)
= Σ.

Notice that we use
∑n

i=1 i = n(n + 1)/2 and
∑n

i=1 i
2 = n(n + 1)(2n + 1)/6 to obtain the above

deterministic limit. The kernel vector
∑n

i=1(x
′
inεi, x

′
inεi1(|εi|≤σc))

′ has a limiting normal distribution

with the same form of mean and variance as given in the stationary case where instead dx = 2 and

Σ is derived immediately above. For any m ∈ [0,∞), denote a sequence of processes of the iterated

estimators computed by RLS or IIS as G(m+1)
n (c) = N−1(β̂

(m+1)
c −β) =

{
n1/2(β̂

(m+1)
0,c − β0)

n3/2(β̂
(m+1)
1,c − β1)

}
with

c ∈ [c+,∞). Thus as n → ∞, G(m+1)
n weakly converges to a zero mean Gaussian process with

the same form of variance as given in Theorem 2.6 and Corollary 2.7 where again Σ needs to be

changed to the one shown above.

Other cases of deterministic trends can be studied using a similar analysis to the above example.

For instance, the argument applies to trend stationary autoregressions but involves a notationally

tedious detrending derivation; see Section 1.5.1 in Johansen & Nielsen (2009) for a related and

more detailed description.

With the above weak convergence results of RLS and IIS, the next step is to construct statistical

tests for coefficient distortion due to outliers. The proposed tests formalise the common practice

for assessing outlier robustness by comparing IIS (or RLS) to OLS estimates.

2.4 Testing for Outlier Distortion in Regression Coefficients

A frequent concern in empirical economics is whether a small set of outliers may have invalidated

empirical results. A common practice to check for outlier-robustness is to compare full sample OLS

estimates to those obtained from a sample having trimmed all outliers detected by Algorithm 2.1.

Instead of heuristically checking the difference between trimmed LS and OLS, we formalize such

an outlier robustness comparison as a new type of Durbin (1954)-Hausman (1978)-Wu (1973) test.

The test is based on the trade-off between robustness and efficiency and enables us to judge

whether least squares estimation is appropriate or the robust method should be preferred. The

robust estimator produced by Algorithm 2.1 is consistent both under the null and alternatives
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(although less efficient under the null3), whereas OLS is efficient (and consistent) under the null,

but inconsistent otherwise. Our proposed test statistics is to test for a significant difference between

coefficients estimated using RLS/IIS and OLS. If the model is correctly specified, the Hausman type

test statistics should be small under the null of no outliers, since two consistent methods should

produce coefficient estimates that are very close to the true population values. In turn, when outliers

have a large influence on least squares estimates, the robust method should be very different from

the ordinary estimate. The proposed test thus evaluates whether the gain in robustness offsets the

corresponding loss in efficiency.

We compare the full sample OLS estimates β̃ to the robust estimate β̂
(m+1)
c . Our proposed

test can detect whether two estimates are significantly distinct by assessing the L2 norm of the

difference between β̃ and β̂
(m+1)
c . Thus, for anym ∈ [0,∞) it is essential first to derive the stochastic

expansion and weak limit of a sequence of stochastic processes H(m+1)
n (c) = N−1(β̂

(m+1)
c − β̃)

with the argument c ∈ [c+,∞). We concentrate on stationary regressions in this section, where

N = n−1/2Idx such that H(m+1)
n (c) = n1/2(β̂

(m+1)
c − β̃), xin = n−1/2xi, and Σ = Exix

′
i.

Theorem 2.8. Consider RLS or IIS. Suppose Assumption 2.1(i, ii) holds. For any m ∈ [0,∞),

denote the processes H(m+1)
n (c) = n1/2(β̂

(m+1)
c − β̃) with the argument c ∈ [c+,∞). Then as n→ ∞,

we have

H(m+1)
n (c) = (ϱ

(m+1)
β,c − 1)Σ−1

n

n∑

i=1

xinεi + ϱ(m+1)
xε,c Σ−1

n

n∑

i=1

xinεi1(|εi|≤σc) + oP(1),

where ϱ
(m+1)
β,c , ϱ

(m+1)
xε,c are defined in Theorem 2.2. Furthermore, H(m+1)

n weakly converges to a zero

mean Gaussian process H(m+1) with variance given as

Var{H(m+1)(c)} = {(ϱ(m+1)
β,c − 1)2 + 2τ c2(ϱ

(m+1)
β,c − 1)ϱ(m+1)

xε,c + τ c2(ϱ
(m+1)
xε,c )2}σ2Σ−1.

The proof immediately follows from the stochastic expansion and weak convergence of β̂
(m+1)
c

in Theorem 2.5 and 2.6. Recall the expansion of RLS or IIS from Theorem 2.5

N−1(β̂(m+1)
c − β) = ϱ

(m+1)
β,c Σ−1

n

n∑

i=1

xinεi + ϱ(m+1)
xε,c Σ−1

n

n∑

i=1

xinεi1(|εi|≤σc) + oP(1).

We then find that the expansion of the test statistic given by the difference between RLS/IIS

and OLS is almost identical to that of RLS/IIS except the coefficients on the first kernel term

Σ−1
n

∑n
i=1 xinεi. The expansion of N−1(β̂

(m+1)
c −β) has the coefficient ϱ

(m+1)
β,c while N−1(β̂

(m+1)
c −β̃)

has ϱ
(m+1)
β,c −1, therefore the limiting distribution of the testing statistic immediately follows that of

RLS/IIS but with the adapted coefficient ϱ
(m+1)
β,c − 1 instead of ϱ

(m+1)
β,c . This argument thus implies

that the asymptotic theory of the outlier distortion test can be attained as soon as the limiting

distribution of the robust estimator is derived, regardless of the type of regression. Using the weak

convergence result of H(m+1)
n , we next establish the formal outlier distortion test.

3The trimmed LS would throw away observations wrongly classified as outliers and thus has a higher asymptotic
variance than OLS under the null; See the weak convergence result of RLS and IIS in §2.3; Also see the discussion in
Johansen & Nielsen (2009) on the relative efficiency factor (efficiency loss) of IIS.
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Corollary 2.9. Consider RLS or IIS. Suppose Assumption 2.1(i, ii) holds. For any m ∈ [0,∞),

c ∈ [c+,∞) and as n→ ∞, we have

n1/2(β̂(m+1)
c − β̃)

D→ N{0dx , avar(β̂(m+1)
c − β̃)},

where avar(β̂
(m+1)
c − β̃) = {(ϱ(m+1)

β,c − 1)2 + 2τ c2(ϱ
(m+1)
β,c − 1)ϱ

(m+1)
xε,c + τ c2(ϱ

(m+1)
xε,c )2}σ2Σ−1. Then, the

proposed test statistics has the weak limit

H(m+1)
n,c = n(β̂(m+1)

c − β̃)′avar(β̂(m+1)
c − β̃)−1(β̂(m+1)

c − β̃)
D→ χ2

dx .

The robust estimator (RLS/IIS β̂
(m+1)
c ) is always consistent but inefficient under the null of

no outliers, while the other (OLS β̃) is efficient under the null but not consistent under alter-

natives. In this case the asymptotic variance of their difference is given by the difference of

their respective asymptotic variances under the null of no outliers. Using a similar argument

to Hausman (1978), Lemma A.5 in the appendix demonstrates the above statement in our con-

text. In addition, we provide a different but more direct proof in Remark A.1 to show that

avar(β̂
(m+1)
c − β̃) = avar(β̂

(m+1)
c )− avar(β̃) under the null of no outliers. Our argument makes use

of the asymptotics derived for β̂
(m+1)
c in §2.3 and indicates that the regularity conditions required

by Lemma A.5 hold for f
D
= N(0, 1).

To ensure power of the outlier distortion test under alternatives, we recommend using avar(β̂
(m+1)
c −

β̃) as suggested in Corollary 2.9 rather than avar(β̂
(m+1)
c ) − avar(β̃) when constructing the test

statistic. Although the two are equal under the null of no outliers, this may not be the case un-

der alternatives. Furthermore, we need to estimate avar(β̂
(m+1)
c − β̃) in order to conduct the test.

Given the chosen iteration step m, the cut-off value c, and the reference distribution f, the terms τ c2 ,

ϱ
(m+1)
β,c , ϱ

(m+1)
xε,c appearing in avar(β̂

(m+1)
c − β̃) are known, so parameters that need to be estimated

are σ2, Σ. Their estimators should be consistent under the null and robust under alternatives, thus

we also recommend to estimate σ2, Σ using the clean data with all outliers removed, since the full

sample estimators are inconsistent under alternatives though efficient under the null. Given any

chosen m ∈ [0,∞) and c ∈ [c+,∞), we can consistently estimate σ2 and Σ = Exix
′
i under the null

using the subsample of all non-outlying observations by

(σ̂(m+1)
c )2 = ς−2

c (
n∑

i=1

v
(m)
i,c )−1{

n∑

i=1

(yi − x′iβ̂
(m+1)
c )2v

(m)
i,c },

Σ̂(m+1)
c = (

n∑

i=1

v
(m)
i,c )−1(

n∑

i=1

xix
′
iv

(m)
i,c ).

Thus, our suggested estimator of avar(β̂
(m+1)
c − β̃) is given by

âvar(β̂(m+1)
c − β̃)

= {(ϱ(m+1)
β,c − 1)2 + 2τ c2(ϱ

(m+1)
β,c − 1)ϱ(m+1)

xε,c + τ c2(ϱ
(m+1)
xε,c )2}(σ̂(m+1)

c )2(Σ̂(m+1)
c )−1. (2.12)

If instead we use avar(β̂
(m+1)
c ) − avar(β̃) to construct the testing statistics and estimate σ2 and

Σ in avar(β̃) using the full sample, then under alternatives the test would lose power and lead to

42



Paper 1: Testing for Outliers in Climate Impact Estimation

incorrect results. More seriously, it is very likely under alternatives to have âvar(β̂
(m+1)
c ) ≤ âvar(β̃)

such that âvar(β̂
(m+1)
c )− âvar(β̃) ≤ 0, thus the Hausman type testing statistics is negative rendering

the test meaningless in this case.

Outlier distortion tests. We can now establish our proposed outlier distortion test formalising

the comparison between OLS and robust estimates. For any chosen m ∈ [0,∞) and cut-off c ∈
[c+,∞), we have the test statistic and its limiting distribution

n1/2(β̂(m+1)
c − β̃)

a∼ N{0dx , âvar(β̂(m+1)
c − β̃)},

and

Ĥ(m+1)
n,c = n(β̂(m+1)

c − β̃)′âvar(β̂(m+1)
c − β̃)−1(β̂(m+1)

c − β̃)
a∼ χ2

dx .

Note that âvar(β̂
(m+1)
c − β̃) shown in (2.12) is invertible and its inverse is given by

âvar(β̂(m+1)
c − β̃)−1

= {(ϱ(m+1)
β,c − 1)2 + 2τ c2(ϱ

(m+1)
β,c − 1)ϱ(m+1)

xε,c + τ c2(ϱ
(m+1)
xε,c )2}−1(σ̂(m+1)

c )−2Σ̂(m+1)
c ,

since (ϱ
(m+1)
β,c −1)2+2τ c2(ϱ

(m+1)
β,c −1)ϱ

(m+1)
xε,c +τ c2(ϱ

(m+1)
xε,c )2 ̸= 0. We therefore avoid the rank deficiency

problem described and addressed by the generalised inverse in Hausman & Taylor (1981) and Holly

(1982). The proposed test can either be performed as the two-sided test with the normal limit or as

the one-sided test with the chi-squared limit. When implementing RLS or IIS we are particularly

interested in two specific estimators: the trimmed estimator just updated from the full sample OLS

and the fixed point estimator iterated upon through infinite steps. The below corollary derives the

outlier distortion tests for these two special cases, checking whether β̃ is distinct from β̂
(1)
c when

m = 0 or from β̂
(∗)
c when m→ ∞.

Corollary 2.10. Consider RLS or IIS. Suppose Assumption 2.1(i, ii) holds. For any c ∈ [c+,∞)

and large n, then when m = 0 we have

n1/2(β̂(1)c − β̃)
a∼ N{0dx , âvar(β̂(1)c − β̃)},

and

Ĥ(1)
n,c = n(β̂(1)c − β̃)′âvar(β̂(1)c − β̃)−1(β̂(1)c − β̃)

a∼ χ2
dx ,

where

âvar(β̂(1)c − β̃) =
{2cf(c)− ψc}2 + 2τ c2{2cf(c)− ψc}+ τ c2

ψ2
c

(σ̂(1)c )2(Σ̂(1)
c )−1.

In addition, when m→ ∞ we have

n1/2(β̂(∗)c − β̃)
a∼ N{0dx , âvar(β̂(∗)c − β̃)},

and

Ĥ(∗)
n,c = n(β̂(∗)c − β̃)′âvar(β̂(∗)c − β̃)−1(β̂(∗)c − β̃)

a∼ χ2
dx ,
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where

âvar(β̂(∗)c − β̃) =
{2cf(c)− ψc}2 + 2τ c2{2cf(c)− ψc}+ τ c2

{2cf(c)− ψc}2
(σ̂(∗)c )2(Σ̂(∗)

c )−1.4

Notice that the density f of the errors εi enters in the asymptotic variance of the difference

between RLS/IIS and OLS, thus our proposed test relies on a reference distribution as the target of

outlier-removal. A targeted reference distribution is a common regularity condition in the outlier

detection literature and follows from the idea of ϵ-contamination initially proposed by Huber (1964)

and recently re-investigated by Johansen & Nielsen (2016a). Under Huber’s framework, data come

from (1 − ϵ)f + ϵfc, so outliers have to be defined relative to a reference distribution f. Numerous

empirical studies directly assume a form of the density f to select the cut-off value c for conducting

outlier robustness checks. For example, Acemoglu et al. (2019) choose c = 1.96 by implicitly impos-

ing the standard normal for the density f to compute the RLS estimator when assessing the impact

of democratisation on economic growth. In addition, nearly all of the IIS applications mentioned

in the introduction (from wages to hurricane damages) assume a normal reference distribution of

the error term. Further, the assumption of a reference distribution is also made in the majority of

theory papers studying IIS, including: Hendry, Johansen and Santos (2008), Johansen and Nielsen

(2009, 2016), or Berenguer-Rico and Wilms (2021). Thus, the distributional assumption on f is

commonly-made in practise and should not limit the applicability of our test. The assumption is

also potentially testable by a specification test proposed by Berenguer-Rico & Nielsen (2018) and

Jiao & Pretis (2022).

A note on heuristic tests: In absence of asymptotic theory, some existing studies have used

the difference between robust and OLS estimates but incorrectly replaced the standard error of the

difference between two estimators β̂
(m+1)
c and β̃ with the standard error of the marginal distribution

of the baseline estimator β̃ when constructing the proposed test statistic. The heuristic test statistic

is then compared to the critical value either drawn from the standard normal for the two-sided test

or from the chi-square with dx degree of freedom for the one-sided test. The size of this ‘heuristic’

method of assessing outlier robustness does not converge to the nominal level under the null and

is also likely to exhibit low statistical power under alternatives. Thus, such a heuristic approach

is invalid and likely uninformative in practise. We instead recommend using our above proposed

formal test.

2.4.1 Bootstrap Outlier Distortion Tests

Our proposed outlier distortion test relies on asymptotic results as well as a reference distribution

against which outliers are evaluated. To improve the finite sample performance of the test and to

explore robustness against an incorrectly-specified reference distribution, we consider two bootstrap

versions using a range of different resampling schemes based on existing approaches to bootstrapping

Hausman-type test statistics. The test statistic we are interested in is motivated by our asymptotic

test:

Ĥ(1)
n,c = n(β̂(1)c − β̃)′âvar(β̂(1)c − β̃)−1(β̂(1)c − β̃). (2.13)

Since we are interested in the difference between robust and OLS estimates, as a first bootstrap

approach we can directly bootstrap the L2 norm of the difference between coefficients ∥β̂(1)c − β̃∥2
4If we assume f

D
= N(0, 1), then τ c2 = ψc−2cf(c) so that âvar(β̂

(1)
c − β̃) and âvar(β̂

(∗)
c − β̃) can be further simplified.
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mirroring the approach for the winsorized estimator in Kaji (2018). We refer to this approach as

the L2 bootstrap. Second, the only quantity in the test statistic of interest (2.13) that depends on

the reference distribution f is the variance term. We can thus use the bootstrap to estimate the

variance var(β̂
(1)
c − β̃) instead of using the estimate of the asymptotic variance in Corollary 2.10.

Replacing the asymptotic variance with the bootstrap estimate, the Hausman-type test statistic for

outlier distortion should then still follow the limiting χ2 distribution. This approach is inspired by

the bootstrap method for the conventional Hausman test proposed in Cameron & Trivedi (2005)

& (2010) and we refer to it as the ‘variance bootstrap’. As a complete analysis of the bootstrap is

beyond the scope of this paper, we investigate the performance of the two bootstrap schemes in a

range of simulations.

There is a range of different options on how we generate the bootstrap samples for either the L2

or the variance bootstrap. First, we consider non-parametric case re-sampling from the raw data

similar to Kaji (2018). When using just the L2 norm, this approach likely suffers from low power due

to the risk of the inclusion of outliers in each bootstrap draw - a concern also highlighted by Singh

(1998) and Salibián-Barrera et al. (2008). However, when the reference distribution is incorrect

this approach has the potential to correct some of the size-distortions. Second, as Singh (1998)

and Salibián-Barrera et al. (2008) recommend, we consider re-sampling from the outlier-removed

(cleaned) data. Re-sampling from the outlier-removed data is also in-line with the recommendation

by Davidson & MacKinnon (1999) to impose the null in bootstrap samples in order to minimize the

probability of type I errors. When the reference distribution is correct, sampling from the cleaned,

outlier-removed data likely exhibits high power under the alternative. However, when the reference

distribution is incorrect this approach is likely to over-reject as the outlier-removed data is made

to resemble the specified reference distribution.

We consider both non-parametric case re-sampling as well as a parametric residual bootstrap

in our simulations. For the time series setting, we consider both a parametric bootstrap as well

as a non-parametric block bootstrap. For the parametric time series bootstrap we resample from

the residuals obtained by using the robust estimate and construct the bootstrap sample under the

robustly-estimated auto-regressive structure (Davison & Hinkley, 1997). For the non-parametric

time series bootstrap we consider block resampling with a fixed block size (for a given sample

size) – see e.g. Bühlmann & Künsch (1999). We describe all our bootstrap algorithms in detail in

Appendix B.

In summary, we consider two different test statistics to be estimated using the bootstrap: the

L2 norm similar to Kaji (2018), and the variance as in Cameron & Trivedi (2010). For each of

these two we consider non-parametric case resampling from the raw as well as cleaned data, and a

parametric residual bootstrap for both iid and a time series auto-regressive model.

Future work could consider finite-sample improvements by sampling from the reference distri-

bution instead of the residuals, or re-sampling from the truncated residuals as in the bootstrap

Hausman-type test for jumps in Dovonon et al. (2019).

3 Finite Sample Performance using Simulations

Here we study the performance of the proposed asymptotic outlier distortion test in a series of

simulation experiments under the null hypothesis of no distortion, as well as under a range of
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alternatives. We also simulate the performance of the bootstrap versions of the test under the

null and alternatives. We simulate the DGP in (3.1) under the null of no outliers (and thus no

distortion) as

yi = x′iβ + εi, i = 1, 2, . . . , n, (3.1)

with β = 0.5 varying the sample size n (from n = 100 to n = 500), the number of regressors

whose coefficients are tested for distortion dx (dx = 1, 5, 10), the degree of persistence in the

dependent variable (ranging from iid to a stationary autoregressive process by considering a time

series yt = ρyt−1 + x′tβ + εt with ρ = 0.5), as well as the underlying reference distribution of

the errors εi, drawn from either εi ∼ N(0, σ2 = 1) or εi ∼ t(3), with results for an asymmetric,

lognormal, error distribution reported in the Appendix. To simulate the performance under a range

of alternatives, we simulate two sets of various outlier-contaminated DGPs. In the first set we look

at vertical outliers with the DGP given as

yi = x′iβ + ui, i = 1, 2, . . . , n, (3.2)

where ui = εi+λ1{i∈O} and O is the set of no randomly chosen outlier locations (anywhere between

i = 1, ..., n) where we vary the degree of outlier contamination (the proportion of randomly located

outliers no/n ranging from 10%-15% of the sample) as well as outlier magnitudes λ from λ = 2σ

to λ = 6σ. In the second set, we assess the performance of the test in the presence of bad leverage

points (following the setup of Dehon et al. 2012)5 where yi is generated using (3.2) with ui ∼ N(0, 1),

however, the model is estimated using x∗i = xi + λ1{i∈O} contaminated with outliers of magnitude

λ = 2σ to λ = 6σ.

For each draw we construct our proposed outlier distortion test statistic and record the rejection

at 5% or 1%. Simulations are implemented using the R-package gets using IIS with cut-offs c = 1.96

and c = 2.57, withM = 10, 000 replications for asymptotic tests andM = 500 to 1, 000 replications

and 499 bootstrap draws for the bootstrap versions of the test.6

3.1 Simulation Performance under the Null of No Distortion

Simulation results for the asymptotic test under the null of no outliers are shown in Figure 3.1

(with full results provided in tables in the online Appendix). The asymptotic test appears slightly

over-sized for small samples (n < 200) but exhibits size close to the nominal level in larger samples

(n > 200). Size appears unaffected by the threshold c used to classify outliers (left panel in 3.1), the

number of coefficients dx tested for distortion (middle panel in Figure 3.1), or whether the process

is iid or stationary autoregressive (right panel in Figure 3.1).

Bootstrap results for the non-parametric bootstrap are shown in Figure 3.2, with parametric

bootstrap results provided in the Appendix. For the bootstrap we consider cases where the reference

distribution is correctly- as well as incorrectly-specified. For the case of an incorrect reference

distribution we assume a normal reference when the DGP errors in fact follow a fatter-tailed t-

5Where similar to Dehon et al. (2012) we consider a single regressor xi, (dx = 1) with coefficient β = 1, contami-
nated with 5% outliers acting as bad leverage points – i.e. outliers in the x-dimension.

6We use 500 Monte Carlo replications for the bootstrap under alternatives and 1000 replications under the null.
A smaller number of replications is used for the bootstrap versions of the test due to the computational complexity
of the bootstrap.

46



Paper 1: Testing for Outliers in Climate Impact Estimation

distribution with three degrees of freedom. We also show the results of the asymptotic test for

comparison.

As expected, bootstrapping the L2 norm re-sampling the raw data is drastically under-sized

regardless of the reference distribution. Bootstrapping the L2 norm using the cleaned, outlier-

removed data yields size improvements relative to the asymptotic test in small samples. However,

this approach is not robust to mis-specification of the reference distribution. Similar to the asymp-

totic test in this setting, bootstrapping the L2 norm using cleaned data is over-sized when the

reference distribution is incorrect. Notably, the parametric bootstrap of the L2 norm does not

appear to perform better than the asymptotic test (see Appendix).

In turn, the non-parametric variance bootstrap using the raw data performs remarkably well.7

The size is close to the nominal level, even when the reference distribution is different from the true

(albeit symmetric) error distribution, both for time series as well as iid data.8
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Figure 3.1: Simulation performance of the asymptotic test under the null of no distortion for varying sample sizes,
cut-offs, test levels and number of regressors in the DGP for iid and time series regressions.

3.2 Simulation Performance in the Presence of Distortion

We assess the performance of the asymptotic test in the presence of outlier distortion by introducing

outliers of varying magnitudes to the DGP (both as vertical outliers as well as bad leverage points),

varying the sample size and degree of autocorrelation in the dependent variable. We plot the null-

rejection frequencies for different simulation specifications using vertical outliers in Figures 3.3 for

7The variance bootstrap re-sampling the cleaned data leads to over-rejection potentially due to the variance being
under-estimated in the outlier-removed data – see Appendix for full results.

8This seems to hold for the case of a mis-specified but symmetric error distribution. For an asymmetric error
distribution we consider the case where the reference distribution is assumed to be normal, when in fact the errors
are drawn from an asymmetric, lognormal distribution. In this setting, the L2 bootstrap appears to have zero power
while the variance bootstrap is over-sized (see simulation Tables in the Appendix).
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Figure 3.2: Simulation performance of the non-parametric bootstrap tests under the null of no distortion (with
c = 1.96) for varying sample sizes when the reference distribution does and does not match the error distribution
in the DGP. Left panels show an iid process, right panels show a stationary autoregressive process using a non-
parametric block bootstrap.

a stationary (iid) DGP and an autoregressive DGP in Figure 3.4. Results for simulations using

bad leverage points are plotted in Figure 3.5. To capture the degree of distortion we also plot the

null rejection frequency against the euclidian distance of all estimated (OLS) coefficients from their

true underlying DGP counterparts, scaled by the maximum distance (right panels in Figures). The

power of the test increases with the sample size for both vertical outliers and bad leverage points,

regardless of whether y is iid or follows a stationary autoregressive process. Power also generally

increases with the degree of distortion – the larger the difference between OLS and robust estimates,

the more likely we are to reject the null hypothesis of no distortion. Additional simulation results

with varying proportions of outlier contamination and varying degrees of persistence in y are also

provided in the appendix.

Bootstrap results under the alternatives for vertical outliers are shown in Figure 3.6, with bad

leverage point results provided in the appendix. Beginning with the L2 bootstrap, as expected,

bootstrapping using the raw data appears to have zero power as each bootstrap draw has a chance

of including some outlying observations, thus rendering the resulting bootstrap distribution unin-

formative when compared to the original test statistic. In turn, bootstrapping the L2 norm using

clean (outlier-removed) data shows desirable power properties: power increases with the sample

size as well as with the degree of outlier distortion. The variance bootstrap exhibits good power

properties when using the raw data, even when the reference distribution is incorrectly assumed to

be normal and the true errors follow a t-distribution.
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Figure 3.3: Simulation performance of the asymptotic test under alternatives contaminated with vertical outliers for
varying sample sizes and outlier magnitudes when the DGP is iid (ρ = 0) including five regressors and 10% of the
sample is outlier-contaminated.
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Figure 3.5: Simulation performance of the asymptotic test under alternatives contaminated with bad leverage points
for varying sample sizes and outlier magnitudes when the DGP contains five regressors and 10% of the sample is
outlier-contaminated.

50



Paper 1: Testing for Outliers in Climate Impact Estimation

100 200 300 400

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

N
ul

l R
ej

ec
tio

n 
Fr

eq
ue

nc
y

0.05

Asymptotic
Full Data (Variance)
Full Data (L2)
Clean Data (L2)

100 200 300 400

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

0.05

100 200 300 400

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

0.05

100 200 300 400

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

0.05

100 200 300 400

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

N
ul

l R
ej

ec
tio

n 
Fr

eq
ue

nc
y

0.05

Asymptotic
Full Data (Variance)
Full Data (L2)
Clean Data (L2)

100 200 300 400

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

0.05

100 200 300 400

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

0.05

100 200 300 400

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

0.05

100 200 300 400

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

Sample Size n

N
ul

l R
ej

ec
tio

n 
Fr

eq
ue

nc
y

0.05

Asymptotic
Full Data (Variance)
Full Data (L2)
Clean Data (L2)

100 200 300 400

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

Sample Size n

0.05

100 200 300 400

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

Sample Size n

0.05

100 200 300 400

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

Sample Size n

0.05

Non-Parametric Bootstrap: iid DGP Non-Parametric Bootstrap: Stationary Autoregressive DGP

Correct Reference Distribution, N(0,1) Incorrect Reference Distribution, t3 Correct Reference Distribution, N(0,1) Incorrect Reference Distribution, t3 

Outlier Magnitude λ = 2 Outlier Magnitude λ = 2 Outlier Magnitude λ = 2 Outlier Magnitude λ = 2

Outlier Magnitude λ = 4 Outlier Magnitude λ = 4 Outlier Magnitude λ = 4 Outlier Magnitude λ = 4

Outlier Magnitude λ = 6 Outlier Magnitude λ = 6 Outlier Magnitude λ = 6 Outlier Magnitude λ = 6
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3.3 Summary of Simulation Results

The simulation results show well-controlled size and high power of our asymptotic test in large

samples (n > 200), with the tests being slightly oversized in small samples (n < 200). In line with

our theory, these results hold for both iid as well as stationary autoregressions. The tests exhibit

high power for both vertical outliers as well as bad leverage points.

Bootstrapping the L2 norm using the cleaned (outlier-removed) data can improve the size of the

test for finite samples, but is not robust to mis-specification of the reference distribution. However,

bootstrapping the variance using non-parametric resampling of the raw data appears to yield good

size and power even when the reference distribution is incorrectly-specified (albeit symmetric).

Thus, if the only concern is over-rejection in finite samples, then the L2 norm can be bootstrapped

using a non-parametric bootstrap drawing from the outlier-removed data. If there are concerns

around both over-rejection in small samples and the specification of the reference distribution, we

recommend using the non-parametric variance bootstrap. Future work will explore these bootstrap

tests further.

4 Application: Climate Adaptation &

the Macro-Economic Impacts of Temperatures

We apply the proposed outlier distortion test to estimates of the economic impacts of climate

change. Modelling GDP per capita growth in fixed effects panels as a non-linear (quadratic)

function of annual-average temperatures has become common practise in the climate econometric

literature. A concern with such global panel-econometric models of climate impacts (e.g. Burke

et al., 2015; Dell et al., 2012; Pretis, Schwarz, et al., 2018) is the inability to account for much

observed variation in economic growth. Even though conventional panel climate impact models

control for time fixed effects, country fixed effects, and country-specific (non-linear) time trends,

there are potentially numerous un-modelled idiosyncratic shocks. Such shocks – possibly taking

the form of outliers in the model – can erroneously be attributed to climate variation and thus

distort the estimated coefficients on climate variables. We therefore use the robust IIS estimator

to estimate a panel model of the effects of temperature on GDP per capita growth using a global

panel dataset and test for outlier distortion.

First, we estimate a model relating GDP per capita growth to temperatures replicating the

specification in Burke et al. (2015) with updated data and compare OLS estimates to those ob-

tained using IIS. Second, there exists substantial evidence of adaptation to climate change globally

(Berrang-Ford et al., 2021) as well as regionally (Aguiar et al., 2018; Chen & Gong, 2021) and

has been considered empirically e.g. in studies on mortality (Carleton et al., 2020; Deschênes &

Greenstone, 2011; Barreca et al., 2016), agriculture (Burke & Emerick, 2016), and electricity con-

sumption (Deschênes & Greenstone, 2011; Auffhammer, 2022). Nonetheless, adaptation to climate

change has received considerably less attention in global empirical macro-economic panel analy-

ses of economic growth. Higher incomes might mitigate the impacts of climate change (see e.g.

Acevedo et al., 2020), and such adaptation might bias existing historical estimates and subsequent

future projections of macro-economic climate impacts, as considered by Schwarz & Pretis (2020)

and Kahn et al. (2021). We therefore estimate a panel model of climate impacts while allowing for
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adaptation driven by incomes, specified through interaction terms of temperatures and incomes.

4.1 Data & Model

Following the macro-econometric literature studying the temperature effects on economic growth,

we model the year-on-year change in the log of real GDP per capita (World Development Indicators,

World Bank, 2019) from 1961-2017 for 169 countries as a function of population-weighted climate

variables. We use historical climate observations on temperatures and precipitation from (Matsuura

& Willmott, 2018, version 5) covering global land areas at a 0.5◦ spatial resolution. To map gridded

climate observations to individual countries in each year, we weight climate observations by gridded

population data (CIESIN, 2016) at the same spatial resolution. Population-weighting (rather than

area-weighting) is more likely to capture the effects of climate onto socio-economic activity (see

Tol, 2017).

We first replicate existing results from Burke et al. (2015) and compare these to using a robust

estimator. We then expand on these existing models by allowing for climate adaptation at different

income levels. Specifically, our model allows for adaptation by potentially attenuating or amplifying

the coefficients on temperatures through interaction terms with (lagged) log of GDP per capita. Dell

et al. (2012) estimate a simplified version of such a specification by interacting a linear temperature

variable with a dummy variable for poor countries, and Burke et al. (2015) explore the interaction

of a linear temperature variable with country-level incomes. Here we generalise this to non-linear

temperature impacts interacted with the continuum of per capita incomes. A similar approach of

estimating income-based adaptation has also been applied for heat-related mortality in Carleton et

al. (2020) and Schwarz & Pretis (2020) for climate impacts of extremes. Our base model replicating

Burke et al. (2015) is given in equation (4.1), and our adaptation model (we report estimates using

lagged incomes in the appendix) is given in equation (4.2):

∆log(y)i,t = αi + λt + β1Ti,t + β2T
2
i,t + x′i,tγ + ui,t, (4.1)

∆log(y)i,t = αi + λt + β1Ti,t + β2T
2
i,t + β3 [Ti,t × log(y)i,t] + β4

[
T 2
i,t × log(y)i,t

]
+ x′i,tγ + ui,t. (4.2)

where ∆log(y)i,t is the year-on-year change in per capita income in country i in year t, αi denote

country fixed effects and λt are year fixed effects. The coefficients of interest are β1 through β4.

Specifically, β1 and β2 capture the (potentially non-linear) impacts on GDP per capita growth

while coefficients β3, β4 in (4.2) on income-interactions terms allow for the temperature-growth

relationship to vary by country-specific income levels. The vector xi,t denotes a set of control

variables including population-weighted annual average precipitation (and its square), and country-

specific linear and quadratic trends as in Burke et al. (2015) and Pretis, Schwarz, et al. (2018).

To assess the impact of unknown idiosyncratic shocks, we estimate equations (4.1) and (4.2)

using OLS (as is convention in the literature) and then compare the OLS estimates to those obtained

when using the robust IIS estimator. Let β̃ denote the vector of coefficients estimated by OLS β̃ =

(β̃1, β̃2, β̃3, β̃4), and β̂
(1)
c denote the vector of coefficients estimated using the robust IIS estimator.

The cut-off value c in IIS determines the expected false positive rate of detected outliers. We set the

cut-off to remove outlying observations to γc=2.57 = 0.01 relative to a normal reference distribution

f. This leads to an expected false-positive rate of 1% of observations to be spuriously labelled as
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outlying for a well-specified model which is common in the IIS literature (where often a range from

5% to 0.1% is considered).9 The hypothesis of interest is H0 : β̃ = β̂
(1)
c . In other words, we assess

possible outlier distortion in the estimated coefficients linking annual average temperatures and

GDP per capita growth.

As a robustness check, we vary the cutoff c to specify a target level of significance (and thus

expected false positive rate of outliers) from 5% (c = 1.96) to 0.1% (c = 3.29) and we also present

a model using temperatures interacted with log(y)i,t−1 in the Appendix (see equation (D.1)).

4.2 Results

Estimating the above models linking GDP per capita growth to temperatures using IIS results

in 165 detected outliers for the base model (4.1) and 170 ouliers for the adaptation model (4.2)

respectively. The number of detected outliers greatly exceeds the number expected by chance

(0.01 × 7716 = 77.16). The observed proportion of outliers γ̂c=2.57 = 165/7716 = 0.021 and

γ̂c=2.57 = 170/7716 = 0.022 is statistically different from the expected proportion of γc=2.57 = 0.01

(p < 0.001 using the Jiao & Pretis (2022) proportion test comparing 0.021 and 0.022 to 0.01).

The distribution of outliers does not appear to be random over time and space and is indicative of

possible model mis-specification for some countries. Few outliers are detected for OECD countries,

instead they are concentrated in developing regions and economies in transition (see Figures 4.1

and 4.2).

Table 4.1 and Figure 4.4 show the estimated coefficients on temperature variables using OLS

and the robust IIS approach.10 The robust coefficient estimates are attenuated relative to the OLS

estimates for both the base model replicating Burke et al., as well as our adaptation model. In

other words, the impacts of temperature on GDP per capita growth are dampened when controlling

for potentially-outlying observations. To formally compare robust and OLS estimates we construct

our test statistic for outlier distortion in the coefficients of interest as:

Ĥ(1)
n,c = n(β̂(1)c − β̃)′âvar(β̂(1)c − β̃)−1(β̂(1)c − β̃), (4.3)

where c = 2.57 for a normal reference distribution. The test statistic for each coefficient and all

temperature coefficients of interest are shown in Table 4.1 (third and sixth column). We compare

the resulting test statistic Ĥ
(1)
n,c = 111.27 for our base model against the critical value of the χ2

distribution with df = 2 and for our adaptation model with Ĥ
(1)
n,c = 770.69 against the critical value

of the χ2 distribution with df = 4, as we are testing for the distortion of two and four coefficients

respectively. The null hypothesis of no distortion is rejected at any conventional significance level

for both models, with p < 0.0001. Further, all coefficient estimates are also statistically different

from their robust counterparts when testing each coefficient individually. These results are highly

robust to varying the cut-off used to classify outliers (see Figure 4.4 and the Appendix for full

estimation results).

9See e.g. Jiao & Pretis (2022) for additional discussion and simulation evidence on the expected false positive rate
in IIS.

10Note that the coefficient on temperatures and temperatures squared in the adaptation model have to be inter-
preted taking the interaction into account. The relationship between temperatures and GDP per capita growth does
not switch signs in the adaptation model as the interaction terms have to be factored in. The resulting non-linear
relationships still follow the familiar inverted-U shape even under adaptation as shown in Figure 4.3.
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Beyond demonstrating the presence of outlier-distortion, our results show significant evidence of

income-driven adaptation to temperatures (Figures 4.3 and 4.4). As countries become richer, they

exhibit a different response function to temperatures compared to poor and middle-income countries

(see Figure 4.3 for the estimated non-linear relationship at different income percentiles). This is

apparent by the coefficients on temperature-income interactions having the opposite sign to the

coefficients on temperatures alone. This suggests that as incomes increase, countries may be better

able to cope with the impacts of higher temperatures. Such a dynamic could further exacerbate

existing cross-country inequality with continued climate change. However – similar to the base

model – controlling for outlying observations dampens the impacts of temperatures onto economic

growth across all income levels. Notably, controlling for outliers effectively removes the positive

impacts associated with higher temperatures for countries with low annual average temperatures

(e.g. countries in the Northern Hemisphere). The coefficients on squared temperatures (with and

without income interactions) are not statistically different from zero, casting some doubts on the

quadratic relationship between growth and temperatures.

Table 4.1: OLS and IIS Panel Regression Results together with their difference in coefficients and the resulting outlier
distortion test statistic. We detect ouliers using a cut-off c = 2.57 with an expected false positive rate of 1% for a
Normal reference distribution. Coefficients on control variables are omitted.

Base Base IIS Base Outlier
Distortion

Test

Adaptation Adaptation IIS Adaptation
Outlier

Distortion
Test

Temperature 0.01734*** 0.01032*** 108.95 -0.06224*** -0.03384*** 186.25
(0.00348) (0.00233) [<0.001] (0.01041) (0.0072) [<0.001]

Temperature2 -0.00059*** -0.00039*** 99.05 0.00070 0.00001 88.57
(0.0001) (0.00007) [<0.001] (0.00037) (0.00026) [<0.001]

Precipitation 0.00043 0.00073 1.98 0.01018 0.01328*** 7.86
(0.00111) (0.00074) [0.160] (0.00563) (0.00383) [0.005]

Precipitation2 -0.00004 -0.00004 0.46 -0.00019 -0.00035** 17.55
(0.00003) (0.00002) [0.496] (0.00019) (0.00013) [<0.001]

Temperature x GDPpc 0.00811*** 0.00416*** 317.59
(0.00111) (0.00077) [<0.001]

Temperature2 x GDPpc -0.00012** -0.00002 148.17
(0.00004) (0.00003) [<0.001]

Precipitation x GDPpc -0.00121 -0.00155*** 6.86
(0.00066) (0.00045) [0.009]

Precipitation2 x GDPpc 0.00002 0.00004* 17.52
(0.00002) (0.00002) [<0.001]

Num. Outliers 165 170
Outlier Distortion test
statistic for Temp. Variables

χ2
2 = 111.27
[<0.001]

χ2
4 = 770.69
[<0.001]

Num.Obs. 7716 7716 7716 7716
BIC -18483.2 -23533.1 -18801.4 -23776.0
Log.Lik. 11774.742 15038.149 11951.758 15199.897
Fixed Effects Country & Year Country & Year Country & Year Country & Year

* p < 0.05, ** p < 0.01, *** p < 0.001
(Standard Errors) and [p-values]
Please note that the estimated coefficients on Precipitation2 by OLS and IIS are very close but not exactly equal in the base model. Thus,
its outlier distortion test statistics is not zero.
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Figure 4.1: Detected outliers using the robust IIS estimator across countries and time in the global cross-country
panel from 1961-2017 in the adaptation model (for a cut-off c = 2.57 with an expected false positive rate of 1% for
a Normal reference distribution). The figure shows country-year observations as gray when not outlying, blue when
there is a negative outliers, and red for positive outliers.

56



Paper 1: Testing for Outliers in Climate Impact Estimation

0 1 2 3 4 5 6 7 8 9

Number of Outliers by Country from 1961-2017

Figure 4.2: Detected outliers aggregated over the full sample of 1961 - 2017 by country in the panel in the adaptation
model (for a cut-off c = 2.57 with an expected false positive rate of 1% for a Normal reference distribution). Gray
denotes no outliers detected.
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Figure 4.3: Estimated Impact of Temperatures on GDP Per Capita Growth Allowing for Adaptation and Controlling
for Outliers. OLS-estimated relationship shown in blue, robust IIS estimated relationship shown in red (for a cut-
off c = 2.57 with an expected false positive rate of 1% for a Normal reference distribution). Estimated non-linear
impact function for the overall base model (top left) and at three different income levels (other top panels). Observed
temperatures for the entire sample and across income ranges are shown in the bottom panel.
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Overall, our results provide macro-econometric evidence of income-driven adaptation. Temper-

atures have a significant effect on GDP per capita growth, but this relationship varies by income.

Poor countries face large negative impacts of warmer temperatures, while rich countries see sig-

nificant dampening of temperature effects – see Figure (4.4). Moreover, our estimation results

highlight the importance of controlling for outlying observations and testing for subsequent distor-

tion. Idiosyncratic shocks in the model distort coefficient estimates, with robust results showing

dampened climate impacts onto GDP per capita growth compared to conventional OLS estimates.

Notably, the positive impacts on growth for rich countries are all but removed when controlling for

outlying observations.

5 Conclusion

We introduce a formal test to assess outlier distortion in regression models by comparing OLS

estimates to those obtained using outlier-robust Huber-skip estimators (including Robustified Least

Squares – RLS, and Impulse Indicator Saturation – IIS). To develop the distortion test, we fully

establish asymptotic theory of RLS and IIS. Our analysis is valid in cross sectional, time series,

and panel settings, with stationary or deterministically-trending regressors. Based on our empirical

process theory, our results and distortion test can be generalised to derive asymptotic theory for

other types of robust estimators, such as winsorized, other Huber, M-type, and L-type estimators

(though analysis of S-type estimators is beyond the theoretical framework shown in this paper).

Our proposed outlier distortion test performs well in simulations with size close to nominal

levels for large samples (n > 200) and high power under a range of alternatives, including vertical

outliers and bad leverage points. Our proposed bootstrap implementation of re-sampling the L2

norm on outlier-removed data, or re-sampling the variance using the raw data can improve the

performance of the test in finite samples or when the assumed error distribution is different to the

underlying error distribution. However, these bootstrap results stem from a small set of simulations

– a complete analysis of the bootstrap will form part of our future research.

Our application of the outlier distortion test to the macro-economic impacts of climate change

highlights the importance of assessing the influence of outliers in regression models. We find that

estimates of climate impacts are sensitive to outlying observations that necessitate robust estima-

tion in all model specifications. When using a robust estimator and formally testing for distortion,

the estimated impacts of temperatures onto GDP per capita growth are significantly different from

those obtained when using OLS. While our econometric estimates support a significant relationship

between temperatures and GDP per capita growth, we also show evidence of income-driven adapta-

tion. The relationship between growth and temperatures varies by income levels with higher incomes

mitigating temperature impacts. Nonetheless, all outlier-robust estimates suggest large negative

effects of increased temperatures on economic growth even under adaptation, re-emphasizing the

need to achieve the temperature goals of the Paris Agreement to avoid large and significant losses,

especially in poor countries.

More generally, our proposed test allows for the assessment of outlier-driven coefficient distortion

in a wide set of regression models and can be readily implemented using the R-package ‘gets’ (Pretis,

Reade, & Sucarrat 2018).
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Deschênes, O., & Greenstone, M. (2011). Climate change, mortality, and adaptation: Evidence
from annual fluctuations in weather in the US. American Economic Journal: Applied Economics,
3 (4), 152–85.
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An empirical climate damage function accounting for climate 

extremes and adaptation 

Moritz P. Schwarz1,2,3 and Felix Pretis2,3,4 

 

Abstract 

Quantifying the economic impacts of climate change is crucial to inform mitigation and adaptation 

policy but faces challenges surrounding impacts of climate extremes and uncertainty around the range 

of plausible adaptation pathways. We overcome these by using machine learning and econometric 

model selection to construct an empirically-derived climate damage function allowing for impacts of a 

range of climate extremes under adaptation independent of any specific emission scenario. We use a 

novel baseline of forecasts of future economic development until the end of the century and – in absence 

of adaptation – project a decline in median country-level GDP per capita of up to 66% for warming 

beyond 4.5°C relative to no climate change. Projected marginal impacts under no adaptation suggest an 

approximate 12% decline in median country-level GDP per capita for each additional °C warming. We 

further show that the damage curve is not invariant to adaptation and provide empirical evidence of 

historical adaptation over time and incomes at a macro-economic level. Instability over time lowered 

the level of projected median GDP per capita impacts by approximately 20 percentage points relative 

to no-adaptation. Income-driven adaptation could reduce the marginal impacts of an additional degree 

of warming by a half to around 6% of GDP per capita per additional °C. Nevertheless, projected 

damages remain high and unequal even in the presence of adaptation reiterating the urgent case for 

stringent mitigation policy.  

 
1 Smith School of Enterprise and the Environment, University of Oxford 
2 Institute for New Economic Thinking at the Oxford Martin School, University of Oxford 
3 Climate Econometrics, Nuffield College 
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1 Introduction 

There is considerable uncertainty about future climate impacts on economic production. Quantifying 

climate impacts in terms of economic outcomes is crucial to inform mitigation and adaptation policy 

decisions (Roughgarden and Schneider, 1999; Stern, 2008). Existing economic impact projections are 

commonly derived using calibrated Integrated Assessment Models (IAMs) or empirically estimated 

econometric models. IAMs predominantly rely on constant damage functions with little grounding in 

empirical evidence (Pindyck, 2013; Stern, 2016), while the majority of empirical macro-economic 

models do not account for adaptation and commonly use aggregated climate measures (see e.g. Dell et 

al., 2012; Burke et al., 2015; Pretis et al., 2018b; Kahn et al., 2019), possibly masking the effects of 

sub-annual extreme weather events such as floods, droughts, and heatwaves (see e.g. Field and Barros, 

2014; Moriondo et al., 2011; Hanson et al., 2011). Using machine learning and econometric model 

selection, we construct an empirically-derived damage function allowing for the potential impact of 

climate extremes and accounting for plausible adaptation pathways. The resulting damage function can 

be disaggregated to a country level as a function of global mean surface temperature and is independent 

of any specific emission scenario. In absence of adaptation, combined with a novel baseline using long-

run empirical forecasts of future economic development, our empirical damage function projects 

median GDP per capita level impacts up to a 66% reduction for very high levels of warming beyond 

4.5°C degrees relative to long run forecasts without additional climate change. Despite allowing for 

non-linearities, projected marginal impacts in absence of adaptation suggest a roughly constant 12% 

decline in median country-level GDP per capita for each additional degree of warming under no 

adaptation. Comparing our projected impacts to earlier estimates, we find that projected losses in GDP 

might be higher by around a factor of two when accounting for the impact of extremes (see 

Supplementary Material Section 7 for a comparison). This translates to additional climate change 

essentially eradicating future economic development relative to present conditions for a large number 

of countries. However, we show that the damage function has not remained constant over time or 

income levels. We quantify historical climate adaptation at a macro-economic level, where climate 

impacts are changing over time and attenuated by higher incomes. Over time, we find that observed 

adaptation to-date has reduced the level of projected climate impacts by around 20 percentage points 

(to 30-40% for warming beyond 4.5°C). In turn, projecting estimates of income-driven adaptation into 

the future, the marginal impacts of an additional degree of warming are roughly halved, suggesting a 

6% loss per additional °C. While the exact channels of adaptation (and resulting shape of the damage 

curve) are difficult to estimate precisely, even under optimistic adaptation scenarios projected impacts 

remain high with extreme tail risk, strengthening the case for stringent mitigation policy.  

Sources of uncertainty in climate impacts stem from model uncertainty (i.e. which climate phenomena 

should be included in an empirical impact model, see Cui et al., 2018), estimation uncertainty about 

model parameters, uncertainty about future climate itself, uncertainty about adaptation and the stability 

of the estimated model parameters, and scenario uncertainty about any baseline of economic and 

population growth against which impacts are evaluated. To date, existing empirical macro-economic 

impact studies have focused primarily on climate- and estimation-uncertainty, placing relatively less 

emphasis on model uncertainty, the potential impacts of adaptation, and socio-economic forecasts 

instead of scenarios as baselines. Here we attempt to consider all five sources of uncertainty. To account 

for model uncertainty - rather than a-priori imposing which climate variables are important - we employ 

model selection strategies including Bayesian model selection and recent developments in machine 

learning to identify relevant climate determinants including extremes beyond annual average metrics 

(see Methods). We account for climate uncertainty using a large ensemble of CMIP5 climate model 

outcomes at a wide range of target global mean surface temperature (GMST) levels. We quantify 

estimation uncertainty by re-sampling our model parameters and consider adaptation uncertainty by 
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estimating historical rates of adaptation over time and income levels. We subsequently project climate 

impacts on future levels of incomes using a new baseline derived from long-run empirical forecasts 

(Müller et al., 2020, henceforth MSW) of future per-capita economic growth on a country level. 

We construct a country-level dataset of 27 population-weighted extreme climate variables measuring 

temperature and precipitation extremes, such as maximum night-time temperature or maximum 

consecutive 5-day precipitation, for 169 countries from 1962 to 2011 (see Supplementary Material 

Table A2 for an overview). We then estimate empirical impact models in-line with the quasi-

experimental approach of modelling country-level GDP per-capita growth as a function of weather and 

climate observations (see e.g. Dell et al., 2012; Burke et al., 2015; Pretis et al., 2018b). When addressing 

model uncertainty, we focus on uncertainty in the choice of variables included in panel data models 

with a range of fixed effects and non-linear controls, rather than uncertainty about the type of model 

(e.g. stochastic frontier models – see Tol, 2020). By allowing for non-linear functional forms, we also 

mitigate some concerns about mis-matched time-series properties of climate variables and economic 

growth (Miller and Park, 2010).5 

We employ three model selection approaches to identify ‘relevant’ climate variables out of the set of 

58 possible covariates, which include indicators for extreme climate and non-linear transformations of 

all variables (see Methods and Supplementary Material Table A1 and A2). We carefully control the 

inclusion of variables in the final model by not targeting goodness of fit and removing outlying 

observations using outlier-robust initial estimators due to potential outlier-driven distortion (Jiao et al., 

2021). First, we use a general-to-specific (gets) consistent model selection approach that tightly controls 

the false-positive rate of retention of variables by choosing a target level of significance (Pretis et al., 

2018a; Hendry and Doornik, 2014; Campos et al., 2003). Second, we use the adaptive LASSO (Zou, 

2006), a consistent model selection procedure with oracle properties. Third, following the literature 

identifying the macroeconomic drivers of economic growth (Fernández et al., 2001; Sala-i-Martin et 

al., 2004), we also use Bayesian model selection (BMS) to identify the climate determinants of GDP 

per capita growth. As an additional comparison we also construct the damage function implied by earlier 

estimates of a quadratic impact of temperatures and precipitation on growth (Burke et al., 2015, here 

referred to as AATPsq: annual-average temperature and precipitation in both linear and squared form). 

Existing impact projections primarily characterise damages under specific emission scenarios (such as 

RCP 8.5), creating a disconnect to impact statements in the wider policy framework which focus on 

temperature targets instead (such as 1.5°C as a result of the Paris Agreement, see Pretis et al., 2018b; 

Burke et al., 2018). Thus, to link our empirically-estimated impacts on economic growth to GMST 

levels rather than a particular emissions scenario, we use a consistent set of projections of climate 

extremes derived from CMIP5 climate model outputs independent of their forcing scenario (see 

Methods). This allows us to construct an empirically-derived damage function for a given level of 

GMST and the associated extremes projected under any particular temperature level (comparable to 

Jackson et al., 2018 for sea level). To provide GDP per capita level projections of the economic impacts 

we move beyond using the Shared Socio-Economic Pathways (SSPs, Riahi et al., 2017) and use the 

novel MSW long-run empirical forecasts of economic development as baselines. These provide an 

empirically-derived reference of forecasted GDP per capita growth (for comparison we also report 

results using the SSPs in the supplementary material). Notably, the MSW forecasts of future growth are 

estimated over the entire 20th century, and therefore can act as a baseline scenario that represents growth 

under climate conditions to-date. 

 
5 Non-linear transformations of potentially non-stationary I(1) time series can result in what appears to be 

stationary I(0) outcomes – see Miller and Park (2010).  
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We project the resulting damage curve as the relationship between GMST and projected GDP per capita 

change relative to the baseline scenario, accounting for differential realisations of climate for different 

countries at various temperature levels. Unlike previous approaches that assume a linear (or 

logarithmic) progression of country-level temperatures over time until 2100, our estimation method 

takes climate model stochasticity along the temporal evolution of temperatures into account (Calel et 

al., 2020). In other words, we consider the climate model variation of climate variables in each year up 

to 2099 when calculating cumulative damages for a given target level of GMST.  

Our approach differs notably from earlier empirical macro-economic studies which have analysed how 

economic growth varies with average annual climate variables. We estimate a damage function that 

specifies impacts for a given level of policy-relevant GMST anomaly at the end of the century. This 

global mean increase translates into country-level impacts through the empirical models (derived using 

model selection) accounting for the potential impact of climate extremes. Combined with the near linear 

relationship between cumulative emissions and temperatures (Goodwin et al., 2018) this allows us to 

also relate climate impacts to any specified carbon budget.  

Previous individual-country estimates and local case studies suggest significant adaptation to climate 

change ranging from the decline of heat-mortality (Carleton et al., 2020; Barreca et al., 2016) to 

improvements in agricultural practises (Burke and Emerick, 2016; Schlenker and Roberts, 2009). 

However, adaptation has received less attention in empirical macro-economic cross-country panel 

analyses of economic growth. To estimate the degree of historical adaptation, we use two approaches.  

First, we conduct an unconditional analysis where adaptation is solely a function of time. We estimate 

the selected empirical panel impact models in 30-year windows at the start and at the end of our sample 

period and assess the resulting damage functions. While this fixed-window approach allows us to 

characterise change in the climate-growth relationship observed to date, it does not explain the 

underlying factors driving adaptation. It is likely that higher incomes mitigate climate impacts (see e.g. 

Acevedo et al., 2020),  partly by increasing resilience, partly by richer countries shifting to less climate-

vulnerable industries.6 We therefore consider a second approach exploring income as a channel of 

adaptation where we allow the selected climate impacts to vary by per-capita income. Specifically, we 

estimate the selected impact models interacting retained climate variables with the observed log of GDP 

per capita, which is subsequently projected to the end of the 21st century using the MSW long-run 

econometric forecasts. To avoid extrapolation of adaptation out-of-sample we constrain the projected 

adaptation to the highest in-sample income levels across countries. We further restrict growth impacts 

under adaptation to not exceed the baseline growth rate where non-adaptation impacts in a particular 

year would otherwise be negative. To reflect that adaptation is a choice, we restrict countries not to be 

worse-off under adaptation compared to the no-adaptation projection (see Methods). 

2 Results 

Specification and Projection of the Baseline Damage Function in Absence of Adaptation 

Across all 170 CMIP5 model runs considered, our results define a damage function for the range of 

1.35°C to 5.90°C of GMST anomalies relative to pre-industrial temperatures. In absence of adaptation, 

projected reductions in median country-level GDP per capita range from 23% for 1.5°C to 66% for 

warming above 4.5°C in our ‘gets’ projections compared to a no further climate change counterfactual 

 
6 Dell et al. (2012) indirectly explored this by interacting a 0/1 measure for low-income countries with 

temperatures. Here we go beyond this initial approach by allowing the impact of climate variables to vary 

continuously with income levels. 
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given by long-run forecasts. Estimates for global average (rather than median country-level) GDP per 

capita changes are included in the Supplementary Material. Median projected impacts are robust across 

model selection approaches as well across different functional forms chosen to link impacts to GMST, 

with the median of the LASSO and the AATPsq models reaching 52% and 57% reductions for 

temperatures exceeding 4.5°C. The 90% range of projected impacts indicates considerable uncertainty 

in damages not ruling out the (albeit small) possibility of positive impacts for some countries. 

Nonetheless, LASSO and BMS estimates suggest lower likelihoods of positive growth as a function of 

future climate change.7 The lower tail of the projection distribution (5th percentile) indicates a risk of 

potentially catastrophic damages which could reduce GDP per capita by 73-94% (relative to the no-

climate change scenario) depending on the selected model under high levels of warming. 

When mapping selected extreme indicators to GMST, the median damage function (in absence of 

adaptation) at the end of the century (using the ‘gets’ estimate) can be approximated as equation (1) 

𝐺𝐷𝑃𝑝𝑐𝐶𝑙𝑖𝑚𝑎𝑡𝑒 − 𝐺𝐷𝑃𝑝𝑐𝐵𝑎𝑠𝑒

𝐺𝐷𝑃𝑝𝑐𝐵𝑎𝑠𝑒
=  −0.021 −  0.14 𝑇𝑒𝑚𝑝 + 0.0047 𝑇𝑒𝑚𝑝2,    for Temp ∈ [1.35°C, 5.9°C] (1) 

where 𝑇𝑒𝑚𝑝 refers to the GMST anomaly to pre-industrial temperatures at the end of the century (see 

Supplementary Materials for different functional forms). We emphasise that this function should not be 

extrapolated outside the final temperature levels observed in the CMIP5 model record used 

(1.35°C – 5.9°C). As no CMIP5 model is compatible with a GMST warming lower than 1.35°C by the 

end of the century, we restrict our estimates to these values contrary to earlier studies where the 

inclusion of the origin (i.e. 0°C warming resulting in 0% difference to the baseline) biases shape of any 

estimated damage curve. Despite the flexible non-linear functional form, marginal impacts of an 

additional warming appear nearly constant over projected temperatures, suggesting around a -12% 

change in median GDP per capita per additional °C under no adaptation.  

This relationship describes projected future median GDP per capita level impacts as a function of GMST 

of our country-level growth estimates driven by a range of climate indicators, not solely the quadratic 

relationship of country-level temperatures and growth estimated previously (Burke et al., 2015). The 

quadratic relationship between growth and temperature remains present in some of the underlying panel 

model estimates (associated with negative growth impacts primarily in the Tropics – see Figure 2) even 

when accounting for climate extremes. However, unlike prior macro-empirical studies, our model 

selection results suggest detectable negative growth effects of some climate extremes as these are 

retained in the final selected models (see Figure 2 for relative contributions of retained variables in the 

final selected models). Specifically, warm nights (tr in Figure 2) are associated with lower growth 

globally, consistent with physiological effects and heat-stress effects of night-time temperatures, (see 

e.g. Fischer et al., 2012; Murage et al., 2017; Obradovich et al., 2017). In turn, mild winters (tnx, tx10p 

in Figure 2) drive positive growth in Northern latitudes, while high frequency precipitation days 

(r1mm), and impacts of precipitation extremes (rx1day) are associated with minor reductions in growth 

throughout the globe, although overall effects are less certain. 

 

  

 
7 This is likely driven by temperatures only entering the final model in a squared functional form with a negative 

coefficient. The linear temperature term is not retained post-selection in these models. 
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Figure 1: Projected damage curve (change in median GDP per capita) based on model-selection 

panel estimates combined with CMIP5 climate projections relative to MSW baseline GDP per capita 

growth forecasts. Results indicate robust and large reductions in median country-level GDP per 

capita with further warming across estimation method and specification. Figure shows estimated 

damage curve of the median country-level GDP per capita compared to long-run economic forecasts 

under no-additional warming. Shaded regions denote 25%-75% interquartile range (IQR), 90% and 

95% projection confidence interval (CI) across estimation and climate uncertainty estimated using 

quantile regression over the distribution of impacts. Solid lines show median of projections. The titles 

above each panel refer to the model selection method used: ‘gets’ refers to using general-to-specific 

model selection, ‘LASSO’ refers to the least absolute shrinkage and selection operator, while ‘BMS’ 

refers to Bayesian Model Selection. For each BMS model, a prior must be specified with a fixed 

(Fixed), uniform (Uniform) or custom prior inclusion probabilities (PIP) being used as specified by 

the BMS R package function ‘bms’. Cumulative emissions are expressed in Gigatonnes of Carbon 

(GtC). 
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Figure 2: Relative Contributions of retained climate variables to the median country-level GDP per 

capita damage function in ‘gets’ (general-to-specific model selection) and adaptive LASSO (least 

absolute shrinkage and selection operator) models over target temperatures in 2090-2099 (panels a 

& c) and over space for warming beyond 5.5°C (panels b & d). Retained climate variables include 

population-weighted high frequency precipitation days (r1mm), precipitation extremes (rx1day), 

annual-average temperatures and its square (temp; only squared coefficient selected in the LASSO), 

mild winters (tnx and tx10p), and warm nights (tr). See Supplementary Material Table A1 for exact 

variable definitions. 
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Our modelling approach allows us to compute country-level damage functions using local observations 

and projections of extremes retained in the model (Figure 3). Projected impacts are highly unequal 

across the globe and could result in considerably higher levels of GDP per capita for a very small 

number of countries for moderate warming in the Northern Hemisphere. These findings are consistent 

with previous evidence on country-level social costs of carbon (Ricke et al., 2018). For high levels of 

warming, only few countries see positive projected impacts. Predominantly developing countries could 

face catastrophic levels of damage with increasing climate change. For more than a dozen countries, 

median GDP per capita projections exceed 80% reductions under global mean warming of 4.5°C when 

compared to a scenario in absence of climate impacts – with even higher levels of warming as well as 

5th percentile impacts suggesting potentially catastrophic impacts for many countries.  

It is worth highlighting that these projections do not suggest an 80% reduction relative to current levels 

of GDP per capita, but instead a reduction in GDP per capita relative to forecasts in absence of climate 

impacts. This translates to higher levels of warming eradicating forecasted economic development 

beyond current conditions for many countries. Bangladesh, India, and Nigeria, for instance, stand to 

increase their GDP per capita from about US$ 3,600, US$ 6,300, and US$ 5,300 GDP per capita in 

2017 (according to the values used in MSW; real values are lower) to US$ 21,600, US$ 31,000, and 

US$ 29,300 in the MSW baseline. However, with high levels of warming, much of the projected 

development is wiped out, with GDP per capita only standing at about US$ 4,800, US$ 6,400, and 

US$ 4,500 for all models with a GSMT anomaly of more than 4°C (Figure 3, and Figure 4 lower panel). 

An open question remains about the practice of relying on long-run counterfactual forecasts (such as 

MSW or SSP) as baselines. Even under extreme climate change, future levels of projected incomes are 

multiples of present observed levels for many countries, which is driven primarily by the underlying 

baseline growth assumptions rather than by our estimates. 

  

73



Paper 2: An Empirical Climate Damage Function accounting for Climate Extremes
and Adaptation

 

 
 

 

 

Figure 3: Projected difference in GDP per capita under different GMST warming levels in 2090-

2100 relative to ‘no future climate change’ long-run forecasts from Muller, Stock, and Watson 

(MSW) GDP per capita forecasts for ‘gets’ (general-to-specific model selection) and LASSO (least 

absolute shrinkage and selection operator) selected models.  Countries are shaded grey if 90% 

projection interval of impacts includes zero or no value is available. Values were calculated as means 

across all realizations below 2°C, between 3°C and 4°C and above 4.5°C. 
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Without Considering Adaptation                           Considering Adaptation 

 

 

Figure 4: Projected country-level climate impacts relative to the ‘no future climate change’ baseline 

from MSW (top panels; Muller, Stock, and Watson GDP per capita forecasts) and relative to the 

baseline in 2017 (bottom panel) for China, India, Russia, and the United States. Colour-gradient 

denotes level of GMST warming in 2090-2099 relative to pre-industrial temperatures. Left hand set 

of panels present projections without considering adaptation. Right hand set of figures consider 

Income Adaptation.  
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Damage Curve in Presence of Adaptation 

While the above results show large potential negative climate impacts on economic output, the damage 

function itself is unlikely to have remained constant over time or income levels. Our moving window 

estimates of the damage function provide evidence of considerable historical adaptation in-sample over 

time (Figure 5, middle and right panels). While gradual changes in coefficients may not be detectable 

for a single country (e.g. as in Kahn et al., 2019), in our cross-country panel we find that the coefficient 

estimates of most climate variables are attenuated over the sample period. In other words, the impact of 

climate on economic outcomes in-sample dampens over time, providing macro-economic evidence of 

a partial decoupling of climatic conditions and the economy. Had the damage function remained at its 

initial estimate from 1962-1992, projected impacts would have been higher by roughly 20 percentage 

points relative to the most recent estimate (Figure 5). Part of this historical adaptation trend can be 

explained by increasing incomes. Re-estimating the empirical damage function using climate-income 

interactions shows that climate impacts are attenuated by higher incomes (see Supplementary 

Information Table A7). The coefficients on all income-interaction terms have the opposite sign of the 

non-interacted terms, moving them closer to zero. Notably, the non-linear relationship between 

temperatures and economic growth shows flattening. We project the resulting climate-income 

relationship under adaptation using the MSW long-run GDP per capita growth forecasts as a baseline. 

The resulting marginal impacts of an additional degree of warming at the median are roughly halved, 

falling from 12% to 6% per additional °C under adaptation for moderate levels of warming (Figure 5, 

left panel comparing the slope of the solid and dashed projections). This reduced marginal impact results 

in level damages for 4.5°C warming being lowered by around a third (Figure 5, left panel and Figure 

4). These results are robust to selecting over climate-income interactions jointly (rather than imposing 

interactions post-selection), as well as interacting climate variables with the lag of incomes rather than 

the contemporaneous income (see Supplementary Material). 

Thus, unconditional estimation of adaptation over time shows overall attenuation of the level of climate 

impacts. In turn, allowing for income-driven adaptation, we see notable flattening of the damage curve 

with reduced marginal impacts of each additional degree of warming. Nevertheless, the uncertainty 

remains large and adaptation itself is unlikely to be costless.  Even under income-driven adaptation 

projected damages suggest a median reduction in GDP levels around 30-40% for warming around 4.5°C 

relative to a no climate-change baseline.  
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Figure 5: Projected damage curve using ‘gets’ (general-to-specific model selection) and LASSO 

(least absolute shrinkage and selection operator) accounting for adaptation. Income-based adaptation 

is shown in left panels, with middle and right panels showing adaptation over time for the first (1962-

1992) and last (1981-2011) 30-year estimation sample. Solid line shows median projected impacts 

under adaptation, while dashed line shows median full sample non-adaptation estimates from Figure 

1. Cumulative emissions are expressed in Gigatonnes of Carbon (GtC). 
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3 Discussion 

Existing climate damage functions used to guide policy face multiple constraints. They predominantly 

rely on estimated impacts of mean annual global temperature – ignoring considerable regional variation 

as well as indicators for extreme climate dynamics. Further, most existing impact assessments assume 

a constant damage function which likely overstates impacts in-light of ongoing adaptation.  

Here, we present an empirically-derived damage function that is specified for target temperatures 

instead of a particular emission scenario, consider possible effects of local climate extremes, and 

highlight the dynamic element of historical adaptation, while also considering model, climate, 

estimation, and scenario uncertainty. The estimated damage function can be disaggregated onto a 

country level and is readily compatible with existing models for the assessment of the economic impacts 

of climate change. Our method allows the formulation of a damage function for any period up to 2100 

and could be extended beyond that with more long-term economic baselines and climate model runs. 

 Even though there is some variation across the retained set of climate variables (which is expected 

when selecting over highly correlated covariates – see Methods), the overall final shape and magnitude 

of the estimated damage function is not sensitive to the model selection method employed. Resulting 

projections provide strong evidence of the economic impacts of climate change over the historical 

estimation period, albeit with considerable uncertainty (Figure 1). Specifically, the large uncertainties 

in our estimates imply wide tail risks – a feature highlighted in the theoretical climate-economic 

literature (Weitzman, 2012) but often underappreciated in empirical studies. While climate models 

devote much attention to the immense challenge of incorporating estimates of potential feedback effects 

that could result in climatic tipping points (Drijfhout et al., 2015), it is worth noting that the tail risk 

estimates given by our damage function do not take future socio-economic tipping points into 

account(see e.g., Dietz et al., 2021), which might exacerbate damages further. 

While our projected damage function is robust to the model selection procedures, the function itself 

changes over time and incomes. Moving window estimates show evidence of historical adaptation, 

providing cross-country macro-economic support for local case studies on adaptation. Instability of the 

damage function over time suggests an absolute reduction in the level of damages, while increasing 

incomes suggest reductions in marginal impacts, with each degree of additional warming resulting in 

lower damages compared to no adaptation. We emphasise three important take-aways from these 

adaptation results. First, we have seen significant dampening of climate effects onto economic outcomes 

already in the observed record. Second, income adaptation is uncertain and sensitive to imposed 

restrictions and subsequent projection conditional on baseline scenarios. The historical evidence of 

income-driven adaptation emphasizes the need to consider plausible adaptation pathways when using 

long run baseline economic and institutional scenarios (Andrijevic et al., 2020) as benchmark for 

climate impacts, especially for warming levels that represent current mitigation ambition. Projected 

incomes under climate change in SSPs and long-run economic forecasts (Müller et al., 2020) exceed 

current incomes considerably even for the world’s poorest countries largely due to the underlying 

assumptions of continued economic growth (see Figure 4). Third, even in the presence of income-driven 

adaption, projected damages remain high and unequal. Countries that may be successful on their 

adaptation pathway could see incomes rise, while predominantly poor countries could see comparative 

stagnation or increased damages, exacerbating global climate-driven inequality further (Diffenbaugh 

and Burke, 2019).  

Even though climate models give us some degree of confidence over the temperature range considered 

here, our damage curve estimates are unlikely to be robust for warming beyond this range. A key 

uncertainty also remains the likelihood of non-linear socio-economic tipping points that could occur 
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once certain impact thresholds are crossed. Finally, we have not modelled the costs of adaptation which 

are likely to be significant, especially for high levels of warming. Adaptation will not be a panacea to 

avoid significant impacts under high levels of warming due to hard limits to adaptability, given by wet 

bulb temperatures which could render much of our economic activity unfeasible (Xu et al., 2020; 

Sherwood and Huber, 2010). Transitioning to a post-carbon society is a herculean feat – but our damage 

curve estimates reaffirm that it is beneficial to do so sooner rather than later to minimize economic 

impacts along the way. 

4 Methods 

Overview 

We model GDP per capita growth Δlog (𝐺𝐷𝑃𝑝𝑐)𝑖,𝑡 for country i in year t as a function of historic 

climate variables in country i and year t (see following sections for information on data and model) 

specifying Δlog (𝐺𝐷𝑃𝑝𝑐)𝑖,𝑡 = 𝑓(𝐶𝑙𝑖𝑚𝑎𝑡𝑒𝑖,𝑡) where we estimate f() using model selection and machine 

learning robust to outlying observations (see Estimation and Selection section below). To create 

projections under particular temperature targets, we link the CMIP5 projections of retained climate 

variables to the level of global mean surface temperature (GMST) of the associated climate model 

exhibits at the end of the century,  𝐶𝑙𝑖𝑚𝑎𝑡𝑒𝑖,𝑡 = ℎ(𝐺𝑀𝑆𝑇𝑡), where h() maps GMST to local country-

level climate and is approximated using CMIP5 simulations (see 4.4). We link GMST to cumulative 

emissions, 𝐺𝑀𝑆𝑇𝑡 = 𝑔(𝐶𝐶𝑒𝑡), using the transient response to cumulative carbon emissions from 

Goodwin et al. (2018), which incorporates forcing from aerosols and non-CO2 greenhouse gases as 

well. We allow for adaptation over time t using in-sample window estimates of f() and adaptation over 

income by interacting 𝐶𝑙𝑖𝑚𝑎𝑡𝑒𝑖,𝑡 with ln (𝐺𝐷𝑃𝑝𝑐𝑖,𝑡)(4.7). 

Data 

We combine a globally consistent dataset of climate extremes indicators as defined by ETCCDI8 

(Sillmann et al., 2013a) based on climate reanalysis models with monthly average temperatures and  

precipitation (Matsuura and Willmott, 2018) and country-level log real GDP per capita (World Bank, 

2019). Spatial variables were population-weighted (in line with Tol, 2017) using 2015 data from 

CIESIN (2016) before their aggregation to a country-level. End-of-century projections were based on 

CMIP5 (Taylor et al., 2012) temperature and precipitation data obtained from ESGF9, while future 

climate extremes were obtained from Sillmann et al. (2013b). Hundred year GDP per capita forecasts 

were obtained from Müller et al. (2020, MSW), while GDP and population projections for the Shared-

Socio-economic pathways were obtained from the IIASA SSP database and interpolated to annual 

values using a spline function (Riahi et al., 2017).  

Estimation & Selection  

We estimate a fixed effects panel model consistent with the existing literature (Dell et al., 2012; Burke 

et al., 2015; Pretis et al., 2018b) modelling the year-on-year change of the log of GDP per capita as a 

function of the set of climate indicators, country and time fixed effects, as well as including linear and 

quadratic country-specific time trends. To address potential measurement error and outlying 

observations driven by unknown factors other than climate, we use impulse indicator saturation at 

 
8 Expert Team on Climate Change Detection and Indices 
9 See https://esgf-index1.ceda.ac.uk/projects/cmip5-ceda/ 
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p<0.001 to ensure that our estimated results are robust to un-modelled outliers (Hendry et al., 2008). 

Existing macro-econometric studies on the impact of climate on economic growth focus on highly 

aggregated and pre-selected measures of average temperature and precipitation. To address model 

uncertainty about the choice of climate variables we include 27 additional indicators of extreme climate 

(and non-linear transformations thereof) to assess whether macro-economic climate impacts can be 

detected beyond their signal in country-level aggregates of temperature and precipitation. Which 

climate variables are relevant in describing this relationship cannot be judged a priori (see e.g. Cui et 

al., 2018), so we therefore employ machine learning and automated model selection methods (gets, 

adaptive Lasso, and Bayesian Model Selection - BMS) to inform our choice. All model selection 

procedures first select over quadratic regressors and only in a second step over retained quadratic 

regressors as well as all linear regressors. 

Selection using ‘gets’ takes place at the target significance levels of 5%, with a resulting expected false-

positive retained number of variables of 58 × 0.05 = 2.9. The ‘gets’ approach provides a consistent 

model selection procedure (Campos et al., 2003) and is implemented using the R-package ‘gets’ (Pretis 

et al., 2018a).  

The Adaptive LASSO is implemented using the R-package ‘glmnet’ (Friedman et al., 2010) and is 

estimated in three steps. In the first step the penalty weights for the adaptive LASSO are determined 

using OLS. In the second step, the adaptive LASSO is estimated using the OLS penalty weights und 

country-level cross-validation to determine the penalty parameter. Finally, the LASSO model is 

estimated post-selection using OLS which yields acceptable properties in terms of bias (Belloni and 

Chernozhukov, 2013; Zhao et al., 2021). 

Bayesian Model Selection is conducted using an MCMC sampler and uses different priors, including a 

fixed common prior inclusion probability for each regressor (“Fixed”),  consistent with the literature on 

identifying determinants of economic growth (Sala-i-Martin et al., 2004). Further we show results for 

a BMS model with a uniform prior model (“Uniform”) as well as with pre-defined prior inclusion 

probabilities using a Normal prior on the model size (number of included variables) centred around the 

mean number of candidate variables (“PIP”). BMS is implemented using the R-package ‘BMS’ 

(Zeugner and Feldkircher, 2015). As projection (and not inference on climate variables) is the primary 

aim of the present study, we do not focus on post-selection inference for gets and the LASSO, though 

bias-correction could be applied. Overfitting is not a major concern as none of the selection methods 

targets goodness of fit. Selection using ‘gets’ targets the false-positive rate of retention, meaning the 

spurious detection of variables is easily controllable using low significance levels, while the adaptive 

LASSO targets prediction and penalises the over-inclusion of variables. BMS allows us to identify 

which variables are important by assessing the posterior inclusion probabilities from the selection 

procedure, again where fit is not a target. 

Projection of the Damage Function 

We use 170 model ensembles from the full CMIP5 range using RCP2.6, 4.5, 6.0 and 8.510 to project 

future climate for each retained climate variable (see Supplementary Material for an overview). We 

consider the global mean surface temperature anomaly to pre-industrial temperatures of each model 

ensemble in 2090-2099 as the target temperature for which impacts are computed. This allows us to 

abstract the impacts from particular emission scenarios and express them as functions of global mean 

surface temperature anomalies to pre-industrial temperatures instead (an approach used in Jackson et 

al., 2018). To adequately consider uncertainty in the estimation, we draw 100 coefficient samples from 

 
10 See Supplementary Methods for more information.  
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the estimated multi-variate Normal distribution using the estimated covariance matrix for our 

projections.  

The country-level impacts that determine our final damage function shown in Figure 1 are computed 

by multiplying the sampled draws of the selected panel model coefficients with corresponding country- 

and year-specific mean-bias corrected climate variable anomalies relative to their 2000-2010 average 

as determined by CMIP5 simulations. For each projected model specification, we can therefore analyse 

several dozen million projection estimates, stemming from taking 100 coefficient draws, using 70 to 

160 climate model ensemble runs depending on the selected variables and projecting 110 to 160 

countries depending on the baseline for nearly nine decades (projections start in 2012 for SSP and in 

2018 for MSW). Subsequently we compare the projected level of GDP per capita relative to its baseline 

(MSW or SSP) GDP per capita levels and take a country-coefficient specific mean across all annual 

values for the period 2090-2099. The impacts are then ordered according to the GMST anomaly to pre-

industrial temperatures that the associated CMIP5 reaches in the period of 2090-2099. We then estimate 

a non-linear (quadratic) quantile regression over the distribution of impacts at each target temperature 

level (Figure 1) to derive our final damage function (see Supplementary Material Tables A13 and A14). 

Linking Damages to Cumulative Emissions 

We use the near-linear relationship between cumulative emissions and changes in GMST as estimated 

by Goodwin et al. (2018). Here, we use their best estimate of 1.5 K per (1,000 PgC) to relate our 

projections to cumulative emissions (shown in the top x-axis in Figure 1). 

Adaptation 

To determine the degree of historical adaptation we take two approaches. First, we estimate the selected 

model in two windows to assess the evolution of the climate-growth relationship over time. Second, we 

investigate the driver of change over time by assessing whether changes in income can explain 

parameter changes in the model. 

Fixed Window Estimates 

We re-estimate the models selected over the full sample from section 4.3 in two windows of 30 years 

(1962-1992 and 1981-2011).  

Estimating Income-Climate Interactions to Assess Adaptation 

We re-estimate the selected panel models where each retained climate variable is interacted by the 

observed log of GDP per capita in each given year for each country in the sample. To project this 

relationship to 2099 we use the in-sample coefficient estimates and constrain the degree of adaption to 

the highest in-sample income (across countries) to avoid out-of-sample projections. We note, of course, 

that this could underestimate eventual adaptation. We restrict growth impacts under adaptation to not 

exceed the baseline growth rate in absence of climate change for countries where the non-adaptation 

impact would otherwise be negative. We further restrict countries not to be worse-off under adaptation 

compared to no-adaptation. We then project future income levels using the MSW GDP per capita 

estimates under the above restrictions and estimate the resulting damage function using non-linear 

(quadratic) quantile regression over the distribution of impacts. As additional robustness checks, we 

also consider interactions with the first lag of GDP per capita (to address concerns about potential 

endogeneity), and also select over the full range of interactions of all possible climate variables and per-

capita income (see Supplementary Material Section 8). 
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5 Supplementary Information 

Data accessibility 

All code and data generated by the authors is available in a GitHub repository under the link 

https://github.com/moritzpschwarz/empirical_damage_curve. All other data is available from the 

referenced sources. Electronic supplementary material is available online. 
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Abstract

Current bottom-up disaster databases are inadequate to provide a full picture of the true

number of weather impact events across the world and especially in developing countries. This

is largely driven by constrained local capacity to record and track weather impact events, which

makes adequate infrastructure planning and adaptation measures more difficult. Here, I use

existing disaster databases and intersect them with meteorological, geophysical, and socio-

economic data. Using machine learning algorithms, I am then able to recover the recorded classi-

fication in the databases for the occurrence of drought, landslide, storm, flood, and extreme tem-

perature events with at least 89% accuracy out of sample and without any on-the-ground knowl-

edge. By comparing my predictions with the data recorded in the EM-DAT/GDIS database, I

identify a total of 21,651 grid-cell events that have not been recorded in these databases. To

illustrate the significance of these events, I estimate that existing disaster databases have under-

estimated the true global death toll by up to 1,57 million deaths and could have missed up to

7.6 trillion US$ in total damages over the period of 2010 – 2018. While there remain numerous

challenges in this literature and a number of improvements will be made in the near future,

this revelation re-emphasizes the gap between reported weather impacts and the true societal

impacts which must be taken into account when attempting to solve the climate crisis in an

equitable manner.

1 Introduction

The exacerbating societal impacts of climate change are becoming more and more relevant for

national and international climate policy making. While international climate negotiations have

recently agreed to establish a Loss and Damage Fund for developing countries at COP27, con-

sistently and holistically assessing the occurrence of such Loss and Damage events is much more

difficult. This political development occurs while the demand for reliable data for weather impact

and disasters is growing both for policy planning objectives as well as for industries like insurance

(Panwar & Sen, 2020). While numerous approaches have been developed to illustrate the on the

ground impact that climate change can have on societal dynamics, the perhaps most frequently

used approach focuses on recording disasters and weather impact events in a bottom-up manner

∗Corresponding author: moritz.schwarz@ouce.ox.ac.uk
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to collect the results in databases like the international Emergency Events Database (EM-DAT),

Sigma by the insurance company SwissRe, or NatCat from the insurance company MunichRe, the

international Natural Hazards Assessment Network (NATHAN), or the US based Spatial Hazard

Events and Losses Database for the United States (SHELDUS), or the National Weather Service’s

Storm Events Database (Panwar & Sen, 2020; Gall et al., 2009).

However, these bottom-up approaches are likely to greatly underestimate the true incidence of

weather impact events and suffer from various inconsistencies (Panwar & Sen, 2020). Based on one

of the most prominent disaster databases, EM-DAT (EM-DAT, 2020), heat waves have killed just

71 people in Sub-Saharan Africa from 1900 to 2019. The same database suggests that European

heatwaves since 1980 have resulted in more than 140,000 deaths and more than US$12 billion in

damages (Harrington & Otto, 2020). Should we therefore conclude that heatwaves in Sub-Saharan

Africa are less of a concern? A more likely explanation is that existing databases - which rely

heavily on the manual recording of data - fail to register most socio-economic impacts of extreme

weather and climate events, which could prove catastrophic in the face of more frequent events

caused by future climate change. This lack of data on important societal impacts hinders policy

makers in their responses and likely biases estimates of the economic impacts of future climate

change. Furthermore, there is a large literature on the lack of comparable socio-economic data

that these databases suffer from (see e.g. Edmonds & Noy, 2018; Gall et al., 2009; Moriyama et al.,

2018; Guha-Sapir & Below, 2002; Panwar & Sen, 2020).

Felbermayr & Gröschl (2014) show that a country’s GDP per capita has an effect on the likeli-

hood of an event being recorded in a database like EM-DAT, which highlights the issue of providing

reliable data for developing countries even more. Similar concerns with EM-DAT motivated Fel-

bermayr & Gröschl (2014) to produce an independent database called initially GeoMet and later

renamed to ifo GAME, although it was, to my knowledge, never updated beyond 2010. In the

context of this literature, the UN Sendai Framework for Disaster Risk Reduction called for the

establishment of a ”systematic and comparable disaster database to help build resilience against

natural disasters” (Panwar & Sen, 2020, p. 296) and established the DesInventar database – a

benchmark data collection tool that is not covering the entire globe though.

While the difficulty of identifying weather impacts and disasters has been well understood for at

least two decades, the COVID-19 pandemic has, notwithstanding the terrible societal consequences

of the pandemic, shined a light on the potential value of using near-real-time data to tailor policy

responses for recovery measures (Chetty et al., 2020). In a similar spirit, reliable data is also

essential in the context of climate change to guide optimal adaptation investments and appropriate

disaster responses, especially in developing countries.

In this paper, I show that recent advances in machine learning and econometric modelling can

provide one avenue of progress for illustrating the true societal effects of climate change in an effort

to improve my adaptation measures against weather impacts. I do so by combining several existing

data sets on disasters and combine them with meteorological and societal data to attempt to predict

the occurrence of weather impact events. This paper therefore attempts to use these methods to

supplement rather than replace manual efforts to understand the socio-economic impacts of extreme
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weather and climate.

The remainder of this paper is structured as follows. First, I introduce the conceptual approach

of the paper and provide details on the methodology used in section 2. Subsequently, I provide

details on the data used in section 3, before I present and discuss the results in section 4. In

the section 5 I conclude. My overall results show the immense potential of machine learning in

providing more holistic disaster event data.

2 Conceptual Approach and Methods

2.1 Conceptual Approach

This paper combines methods from economics and statistics in an effort to improve the global

record of disasters and weather impacts. Using various machine learning algorithms, I predict the

occurrence of five disaster categories. These are the occurrence of drought, extreme temperature,

flood, landslides, and storms.

Classification of socio-economic impacts of weather events will be formulated as a function of

observed weather variables, geographical features (such as elevation), and socio-economic charac-

teristics (such as population distribution).

Conceptually, I formulate a model resembling:

Eventc,t,j = f(Weatherc,t,j , Physical Featuresc,l, SocioEconomic Featuresc,m) (1)

where Event is a 0/1 dummy to indicate whether a weather impact event of type j is taking

place at time t in grid cell c. It is worth further elaborating on the definition of these disaster and

weather events. I define a key characteristic of those events to be temporally and spatially-distinct

disruptions of society due to prevailing weather conditions. This, in turn, clarifies that the mere

meteorological occurrence of extreme weather does not constitute a weather impact event e.g., if

that weather occurs in remote or uninhabited locations or if a community is well prepared for such

conditions and no societal disruption occurs or no costs are evident. This is consistent with the

collection logic of the input databases considered. Weather represents a number of meteorological

features (e.g. several different ERA5 variables represented by j) at the relevant time (as well

as some preceding time periods) in the relevant grid cell (as well as in neighbouring cells). The

different physical and socio-economic features l and m are constant over the time frame considered

here.

Crucially, finding the optimal classification function f(), and indeed one that achieves high

precision predictions, is the goal of this paper. To this end, I utilize historic weather impact event

data and use machine-learning classification algorithms in various specifications.
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2.2 Positive-Unlabelled Problems

Given my input data, I can be reasonably confident that an event has occurred when an event

has been recorded – the likelihood of a false-positive in the input data is relatively small (EM-

DAT, 2020; Panwar & Sen, 2020; Jones et al., 2022). However, the absence of an event, given all

documented issues with conventional disaster databases (Panwar & Sen, 2020), does not necessarily

constitute a negative i.e. proof that no weather impact event has occurred. Therefore, postulating

that these situations are true negatives might not be appropriate. In other words, I have data that

is labelled as “positive” and data that is simply unlabelled (Bekker et al., 2019). Conceptually,

my study is therefore formulated as a classification problem of positive and unlabelled (PU) data

where my goal is to correctly assign each observation to the right classification. I do not strive

to provide estimates of weather impacts for causal inference or attribution – rather I aim to test

whether this machine-learning approach could viably predict the occurrence of these events.

Therefore when using the PU approach, it is important to note that all estimated models

are trained on a training dataset in which the set of non-events contains both true situations of

non-events but also events where an event has actually taken place. For this reason, I expect

any of my estimates to be an underestimate of the true effect. This effect is exacerbated by the

inherent selection bias that is pertinent in the weather impact databases due to the on-the-ground

capacities to record such events. Given this concern, I must assume that there is substantial bias

in the labelling of the data – with weather event impacts in socio-economically wealthy areas much

more likely to be identified and recorded. While this fact is part of the motivation for this study,

below I discuss several methods that attempt to alleviate these concerns.

While this literature is relatively new, there are a few proposed approaches (see e.g. Bekker &

Davis, 2020, for an overview on PU classification and learning) and a few applications that can be

compared to this problem at hand (McDonald et al., 2021).

2.3 Implementation and Algorithms

My approach follows these studies conceptually and is implemented as follows: First, training

traditional classification algorithm using positive cases assuming that unlabelled are negative. In

my context this can be feasibly regarded as mostly accurate within regions where there is sufficient

reporting e.g. if a number of weather impact events within a highly developed country are reported

and included in a disaster database, I can perhaps assume that all non-events (at least using a

consistent event definition) in this country are truly negatives. Second, biased learning where

unlabelled events are coded as negative, albeit with specific noise. Third, taking the first approach

estimating models on positive cases, but then adjusting the resulting classification probabilities

using baseline estimates of the probability of being positive.

Here, I operationalise this approach and test different machine learning algorithms and tech-

niques. Overall, I define four different modelling algorithms (labelled A to D). I use all four

modelling approaches used by McDonald et al. (2021) and follow their approach closely. I use A) a
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traditional näıve classifier using a Support Vector Machine (SVM) radial basis function algorithm

as well as B) an SVM that is trained using a biased learning approach using data bagging (see

below). I further use a Random Forest (RF) approach, both C) in a näıve way as well as D) using

the RF algorithm with a similar bias learning bagging approach. For the RF approach, a parameter

setting the number of ’decision trees’ must be chosen – with each of those decision trees drawing a

different estimation sample and resulting in a single classification (see below for a discussion on the

appropriate number of trees). For all algorithms, I use the statistical programming package R and

in particular the packages tidymodels, kernlab, and ranger (Kuhn & Wickham, 2020; Karatzoglou

et al., 2004; Wright & Ziegler, 2017).

The bagging approach is essentially a bootstrapping technique that resamples the overall sample

with replacement. An individual bag is therefore a single draw in this resampling process. In all

estimated models, all positive cases are contained in the sample while the unlabelled cases are

downsampled. The downsampling ratio is a hyperparameter and is set as an integer ranging from

1 to 5 and refers to the relative occurrence of positive and unlabelled cases. In the case of a

downsampling ratio of 1, positive and unlabelled cases are equal – in the case of a downsampling

ratio of 5, there are 5 times as many unlabelled cases. As is common with boostrapping techniques,

results are then averaged across bags i.e. across different samples (McDonald et al., 2021; Mordelet

& Vert, 2014). Models B and D are estimated using up to 100 bags.

While Boehmke & Greenwell (2019) suggest to initially estimate models using the rule of thumb

of 10 trees per predictor, which in this case would result in 220 trees, I formulate Random Forest

models with 100 trees due to computational capacity constraints for Models C and D. However,

to alleviate concerns of not using sufficient trees in the random forest estimation, the final models

were run using 1000 trees as well without a substantial accuracy loss, see Figure 3. For the same

reason, Model A was eventually removed as a viable model, as models were unable to be estimated

even on advanced high performance computing systems due to their memory requirements. All

other hyperparameters for the machine learning algorithms are used in their default setting.

While much of this approach is inspired by the conceptual estimation set-up of the PNAS study

by McDonald et al. (2021), there are a number of differences that are worth stressing. Firstly, my

dataset is much larger than and secondly my share of positive cases is much higher than the one of

the study authors – with my positive prevalence ranging from 0.5% to 7.2% of the data, see Table

1, compared to a prevalence of 0.1% in the study of McDonald et al. (2021). Given that my dataset

is sufficiently large, I am able to reserve 20% of my data as testing data. I follow what Swartz et

al. (2021), in their critique of the PNAS study, calls the“golden rule of machine learning” that test

data cannot influence the training of the model by dividing my data using a training/testing split of

80%/20%. I are therefore able to evaluate the performance of my selected algorithm out-of-sample.

Nonetheless, I also use the 10-fold cross-validation (CV) technique used by the same authors in

their study. Using the CV results, I am able to tune the three relevant hyperparameters: number

of bags, downsampling ratio (both of these for models B and D) as well as the cut-off value where

a case would be considered to be a positive case. I follow McDonald et al. (2021) and Lee & Liu

(2003) in maximizing the mean of the modified F1 score while aiming for a small standard deviation

and a parsimonious model formulation.
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3 Data

My training data consists of the Geocoded Disasters (GDIS) dataset, v1 (1960 -– 2018) (Rosvold &

Buhaug, 2021), which is made up of 39,953 locations for 9,924 disasters that occurred worldwide for

the years 1960 to 2018. I subset this data to the timeframe of January 2010 to December 2018 as

the recorded disasters before this time are only recorded on an annual level and merge it with the

EM-DAT database using their unique disaster ID to supplement the GDIS database with further

information on each event (EM-DAT, 2020).

I combine this data with various weather indicators from the ERA5 reanalysis data (Hersbach

et al., 2020), such as temperature (the monthly mean of daily mean temperature, the monthly

maximum of daily maximum temperature, and the monthly minimum of daily minimum temper-

atures), precipitation (total monthly precipitation, the monthly mean of daily total precipitation,

the maximum daily total precipitation, and the minimum of daily total precipitation) as well as an

indicator for the number of dry days each month (i.e. days where total daily precipitation is equal

to 0). Those variables are entered in their contemporaneous form as well as with a time lag of up to

three months. I also add geographical features, such as elevation (Hollister et al., 2021) using the

’AWS Terrain Tiles’ option, which uses a global dataset of terrain heights assembled by Amazon

Web Services (Larrick et al., 2020) and socio-economic indicators such as population (CIESIN,

2016, using version 4 Revision 11). I further add time specific features, such as the year, month,

and day of the week where the event occurred alongside a fixed effect for the precise month-year

combination.

I then subset all data sets to exclude any non-populated areas (i.e. grid cells with a population

of 0), including any non-land grid cells using the outlines of the Natural Earth dataset at 110m

resolution without Antarctica as a land-area mask (South, 2017).

Combining the entirety of the information laid out above, I create a geospatial data series on

a 2.5◦ × 2.5◦ resolution that results in a total of up to 266,868 observations (108 months from

January 2010 to December 2018 with 2,471 land-based grid-cells). An example slice for the data

considered is contained in Figure 1 and a set of summary statistics is contained in Table 1 and for

all predictors in Table 3.

Before estimating the models described above in section 2, I pre-process the relevant data by

removing all predictors with a near-zero variance and all predictors with a correlation coefficient

exceeding 0.75 (as in McDonald et al., 2021). I then center to a mean of 0 and scale all predictors

to a standard deviation of 1 and remove any remaining missing values.
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Mean SD Min Max N

Drought 0.053 0.224 0.000 1.000 266,868
Flood 0.100 0.300 0.000 1.000 266,868
Landslide 0.007 0.085 0.000 1.000 266,868
Storm 0.058 0.234 0.000 1.000 266,868
Extreme Temperature 0.045 0.208 0.000 1.000 266,868

Table 1: Summary Statistics for the used data.

Figure 1: Example data for selected variables for January 2000.
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4 Results and Discussion

The algorithm was tested in up to 1,002 specifications. The performance of the algorithm is

displayed in Appendix Figures 2 for the drought case (the other events are displayed in Appendix

section B. These performance comparisons clearly show that Model C, the näıve random forest

classifier performs best, as the modified F1 is significantly higher than all other specifications.

While the SVM results seem to perform better in recalling true positives, the SVM models seem to

suffer from many cases of false-positives, evident in their higher detection prevalence, which in turn

reduces their modified F1 statistic. The bagging approach does also not seem to increase model

performance – neither across bags nor across an increasing downsampling ratio. Hence, the models

used and compared below all follow the approach of Model C.

Bags: 1 Bags: 10 Bags: 50 Bags: 100

N 1 2 3 4 5 N 1 2 3 4 5 N 1 2 3 4 5 N 1 2 3 4 5
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Figure 2: Algorithm performance comparison for Drought Events. N denotes the näıve classifier.
Note that the y-axis scale varies for each sub-plot and is bounded from 0 to 1 for the two upper
plot rows.

While the demand for high quality disaster data is higher than ever, traditional bottom-up

databases are failing to provide high quality, reliable data that can be used by policy makers.

My results show the immense potential that these methods can play in improving weather impact

estimation, see Figure 3. Across different event types, all event types display a very high prediction

accuracy; generally exceeding at least 89%, which has greatly exceeded the authors expectations.
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Figure 3: Final prediction results for Model C with different samples and different numbers of
Random Forest Trees. RF100 stands for a Random Forest Model of type C run with 100 trees.
RF1000 stands for the same model with 1000 trees. The distinction Full and Testing stands for the
sample that was used for prediction. Testing therefore refers to an out-of-sample prediction.

The highest out-of-sample prediction accuracy can be achieved looking at landslide events,

while flood event predictions are relatively the worst when simply considering the input data as

being correct. Using a 20% out of sample prediction, the chosen algorithm correctly predicts

the occurrence of an event with 99% and 89.7% accuracy respectively, with the other disaster

types falling within that range (see Figure 3 Table 2 for the full results). While determining the

importance of individual variables, especially in a causal sense, is neither the objective of this study

nor a suitable outcome of many prediction algorithms, I present the variable importance of the final

prediction algorithm in Appendix section C.

As the objective of this study was to detect previously undetected weather impact events, given

my selected algorithm, I estimate that unlabelled events have taken place in up to 5,5% of cases

when looking at flood events, but only in about 0.4% of cases for landslides. Naturally, this figure

might, however, also include false-positives.
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Table 2: Full Prediction Results.

Correct Positive Correct Unlabeled Incorrect New Events or False Positive

Event Type RF Trees Sample

Drought 100 Testing 2.91% 1,442 91.98% 45,562 2.87% 1,422 2.23% 1,107
Drought 100 Full 4.14% 10,239 92.72% 229,522 1.57% 3,897 1.57% 3,878
Drought 1000 Testing 2.72% 1,349 92.36% 45,735 2.99% 1,481 1.93% 955
Extreme Temperature 100 Testing 2.56% 1,267 94.07% 46,585 2.38% 1,179 0.99% 489
Extreme Temperature 100 Full 3.31% 8,189 94.46% 233,826 1.55% 3,845 0.68% 1,676

Extreme Temperature 1000 Testing 2.56% 1,267 94.17% 46,631 2.38% 1,179 0.89% 443
Flood 100 Testing 5.91% 2,926 83.82% 41,508 4.81% 2,384 5.46% 2,702
Flood 100 Full 7.56% 18,710 85.09% 210,640 3.18% 7,880 4.16% 10,306
Flood 1000 Testing 5.94% 2,943 84.20% 41,694 4.79% 2,373 5.07% 2,510
Landslide 100 Testing 0.22% 109 98.78% 48,915 0.56% 277 0.44% 219

Landslide 100 Full 0.47% 1,153 98.83% 244,646 0.31% 774 0.39% 963
Landslide 1000 Testing 0.22% 111 98.85% 48,950 0.56% 275 0.37% 184
Storm 100 Testing 3.08% 1,523 91.21% 45,167 3.03% 1,501 2.68% 1,329
Storm 100 Full 4.26% 10,549 91.80% 227,249 1.98% 4,910 1.95% 4,828
Storm 1000 Testing 3.03% 1,502 91.47% 45,297 3.08% 1,525 2.42% 1,196
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Figure 4: Estimated Impacts for the events identified in this study but missing from EM-
DAT/GDIS. The different values represent different comparison measures considered. When ex-
cluding all events in EM-DAT/GDIS that do not have a value recorded for the three presented
values, a mean/median is calculated for the remaining values. I also present one calculation metric
where I form the mean across all events, assuming that each event with a missing value features a
true value of 0.

When assuming that all of the identified events are true positives, however, and by using a

simplified comparison metric, namely the average death count, average number of people affected,

and the total economic cost of a single event in the EM-DAT database (see also Table 4), I estimate

that conventional databases under-report the effects of approximately between 67,000 and 1,57

million deaths and under-report the damages associated with extreme events by approximately

between 0.93 to 7.62 trillion US$ in weather impact damages and has affected between 452 million

and 6.7 billion people across the entire time period considered, see Figure 4. The total number of

affected people can include individuals being affected more than once. The calculation was adjusted

for the average grid cell size of a unique EM-DAT event while the given range of values depends

on the calculation measure used, with the median effect of an EM-DAT event providing the lower

bound and the mean effect per EM-DAT event providing an upper bound .1

The insights gained using my approach could allow policy makers to make more informed

decisions on weather and climate adaptation and mitigation policy, both locally as well as globally.

Using and improving upon my methodological framework could be crucial for providing short- and

1This average grid cell size was obtained by comparing the number of unique events for each disaster type in the
EM-DAT database with the number of unique positive grid cell dummies in the input estimation data.
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medium-range forecasts of socio-economic impacts of extreme weather and climate events, given

reliable weather forecasts. This could allow authorities to improve disaster response preparation

e.g. in the context of hurricane or storm predictions, ultimately improving humanitarian assistance.

While the approaches presented in this paper never claim causality and need to face up to

legitimate scrutiny, such as by Swartz et al. (2021), my paper highlights that the advances in

machine learning have immense potential to provide crucial disaster data reliably. I have also

shown that the issue of few labelled cases and a generally small number of positive cases is not

necessarily an issue for advanced machine learning algorithms.

Considering the results presented in this paper, I note several avenues for improving upon the

estimation presented here. Firstly, I have only considered four different model specifications across

Random Forest and SVM models. Several other machine learning algorithms could be considered in

the future. Incidentally, the fact that Model C, the näıve Random Forest classifier, a fairly common

classifier, proved superior to all other algorithms to us suggests that further work on algorithm

choice could provide further progress in increasing prediction accuracy. Due to computational

constraints, my models were estimated at a grid resolution of 2.5◦ × 2.5◦ at a monthly frequency,

although my data can also be used at a 1◦ × 1◦ resolution and at a daily frequency. Lastly, further

data, such as satellite data, should be added to the predictor variables to improve results even

further (Rolf et al., 2021).

For these results, two concrete follow-up processes are envisaged. Firstly, the EM-DAT input

database should be complemented by the DesInventar database, which, similarly misses large areas

of the world, but is a good complement. Secondly, the identified additional disaster events will be

analysed further using text mining and manual inspection to confirm whether these events have

actually occurred, following Walker et al. (2019).

5 Conclusion

Current bottom-up disaster databases are inadequate to provide a full picture of the true number of

weather impact events across the world and especially in developing countries. This is largely driven

by constrained local capacity to record and track weather impact events, which makes adequate

infrastructure planning and adaptation measures more difficult.

In this paper, I combine two databases on weather impact events and intersect this data with

meteorological, geophysical, and socio-economic data. Using machine learning, I am then able to

recover the recorded classification in the database for the occurrence of drought, landslide, storm,

flood, and extreme temperature events with at least 89% accuracy out of sample.

By comparing my predictions with the data recorded in the EM-DAT/GDIS database, I identify

a total of 21,651 grid-cell events that have not been recorded in these databases. To illustrate the

significance of these events, I estimate that existing disaster databases have underestimated the

true global death toll by up to 1,57 million deaths and could miss up to 7.6 trillion US$ in total
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damages over the period of 2010 – 2018. While there remain numerous challenges in this literature

and a number of improvements will be made in this literature in the near future, this revelation

re-emphasizes the gap between reported weather impacts and the true societal impacts which must

be taken into account when attempting to solve the climate crisis in an equitable manner. While

of course not all identified and recorded events in this context constitute Loss and Damage events

as they are understood within the UN Framework Convention on Climate Change (UNFCCC), the

potential of the presented methods to support identification of such instances could be immense

and hence clearly warrants further research into this field.
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1 Introduction

Informed policy decisions require knowledge of which interventions have an impact. To assess the
effectiveness of any policy – or the impacts of shocks in general – the wider empirical literature has
been primarily concerned with forward causal questions to assess the ‘effects of causes’ (Gelman 2011,
Gelman & Imbens 2013, Mill 1843). For example, does terrorism affect GDP per capita, or is a carbon
tax successful in reducing emissions? Such forward causal questions (‘Did X have an effect on Y ?’)
place specific interventions at the centre of their investigations and attempt to identify the effects of that
known specific event on an outcome of choice. Forward causal questions therefore rely on pre-existing
knowledge of interventions having taken place. This approach thus risks missing interventions that are
a-priori unknown.

Policy makers regularly have no prior knowledge of the specific policies, trends, or shocks that have
contributed to a certain outcome, prompting them to instead look for answers to reverse causal ques-
tions: rather than finding the ‘effects of causes’, they attempt to find the ‘causes of effects’ (‘What has
affected Y ?’). For example, what affected GDP per capita, or what has reduced emissions? While
the introduction of a carbon tax may not have had a strong impact on emissions, a local policy inter-
vention incentivising energy efficiency improvements might have. If this particular intervention is not
immediately apparent to policy makers, its contribution will be unaccounted for.

Even though such a ‘reverse causal’ approach is highly relevant to identify potentially unknown impact-
ful policies or interventions, it has not been extensively operationalised in causal empirical modelling.
This may be because forward causal questions are comparatively easy to evaluate using the range of
available tools for programme evaluation, ranging from matching, difference-in-differences, to synthetic
controls. In contrast, it is less obvious how reverse causal questions can be answered in practice. As
Gelman & Imbens (2013) put it: “Reverse causal reasoning is different; it involves asking questions and
searching for new variables that might not yet even be in our model”.

Here we introduce a formal approach to answer reverse causal questions. We expand on the idea of
“searching for new variables”, and place the concept of reverse causal questions into the domain of
variable and model selection, and more specifically break (or anomaly) detection. We propose tackling
reverse causal questions by detecting anomalies in the form of structural breaks in the familiar setting
of two-way fixed effects (TWFE) panel estimators allowing for heterogeneous treatment effects which
are commonly used to evaluate policy. In such a setting, the conventional approach (often interpreted
as difference-in-differences) is to include a dummy variables that denote the interaction of treated units
with the post-treatment time period. We illustrate that this is equivalent to allowing for step-shift changes
in the treated units’ intercepts. If interventions are unknown, treatment assignment and timing can thus
be detected as step-shifts conditional on treatment effects being non-zero. In our closely-related paper,
Koch et al. (2022) we apply this approach to detect effective climate policies. Here, we provide the
theoretical basis formally linking structural breaks to heterogeneous treatment effects.

Specifically, we formulate the detection of structural breaks as a problem of variable selection, where we
saturate a TWFE panel model with a full set of step-shift break functions denoting potential treatment
of each individual at any point in time. We then apply machine learning selection methods allowing for
more candidate variables than observations to identify relevant step-shifts to detect treatment without
prior knowledge of its occurrence. Once a break has been identified, it can be interpreted as a treatment
dummy for the relevant unit (see Figure 1 for a stylised example). We can then – in a post-estimation
analysis – attempt to attribute the treatment dummy to an event that is likely to have affected the treated
unit at the detected time.
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This operationalises the idea of reverse causal questions – we start with a model commonly used for
policy evaluation, but rather than testing a particular policy intervention (in the form of a treatment
dummy), we search for structural breaks in the individual fixed effects, which can subsequently be
attributed ex-post to events that took place. Thus, rather than assessing effects of causes (as in the
forward causal approach), our approach provides a data-driven method to identify effects using break
detection which can then be attributed to potential causes. Note that our discussion on reverse causal
questions should not be confused with the concept of reverse causality. Reverse causal questions refer
to the modelling process of discovering the causes of effects, and do not refer to the direction of causal
relations between variables.

1.1 Related Literature & Contribution

Break detection to assess the impact of policy has been commonly used in time series analysis. However,
most time series applications do not have control groups, making a causal interpretation of any break
difficult. A causal interpretation in time series is possible where breaks occur in some conditioning
variables under super exogeneity (Bazinas & Nielsen, 2015). This has been shown first in Engle et
al. (1983) as causal relations invariant to shocks (referred to as super exogeneity). Under such super
exogeneity causal identification is possible, see e.g. Martinez (2020), Mukanjari & Sterner (2018), or
Pretis (2021) for relevant examples of this.

Where super exogeneity does not hold or is difficult to establish, however, a causal interpretation of
structural breaks is more difficult. Examples in the time series literature range from Perron (1989)
detecting breaks in GNP time series attributed to the Great Depression and an oil price shocks, Hendry
(2020) identifying policy interventions in UK CO2 per capita emissions, Estrada et al. (2013) quantifying
the impact of the Montreal Protocol on CFC emissions and subsequently temperatures, to Apergis & Lau
(2015) identifying whether breaks in Australian electricity markets align with policy interventions. Piehl
et al. (2003) also use the detection of breaks in time series to assess treatment effectiveness of a youth
homicide prevention programme in Boston.

Compared to time series applications, fewer papers tackle structural breaks in a panel setting, and to
the best of our knowledge, no paper has formally considered the link between structural breaks and
treatment effects in a panel, or the detection of breaks in a TWFE panel to detect treatment. Attributing
breaks in panels as treatment was first explored in Pretis (2019) assessing the impact of carbon taxes,
but not formally linked to heterogeneous treatment effects. In our related paper, Koch et al. (2022) we
apply the break detection approach to EU CO2 road emissions to identify effective policies in a causal
framework, albeit with the focus on the application rather than the econometric theory underlying the
approach.

Panel methods for the detection of breaks range from estimating break dates using least-squares to
detecting breaks by selecting over break dates using model selection. In the least-squares literature,
Chan et al. (2008) extend the Andrews (1993) structural change with unknown change point test (Sup-
test) for simple structural breaks to panels in a setting that focuses on detecting changes in coefficients on
random variables (rather than on changes in the fixed effect as would be necessary in a policy evaluation
framework). De Wachter & Tzavalis (2012) test for common breaks in dynamic panels and Baltagi et
al. (2016) study heterogeneous panels with structural breaks using a Bai (1997)-type approach. Recent
work has focused on structural breaks in panels using common factors, these include Zhu et al. (2020)
who study a single break in dynamic panel with a common factor structure, as well as Cheng et al.
(2016) who consider breaks in the form of changing latent factor loadings. Bai et al. (2020) develop a
least squares approach to detect breaks in factor loadings in panel factor models.
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The above papers use the classical approach of estimating break dates by least squares, while now there
is a growing literature using variable selection to identify breaks. In this selection-based literature,
Qian & Su (2016b) propose to use the LASSO (Least Absolute Shrinkage and Selection Operator) to
detect breaks in simple time series models, with Qian & Su (2016a) extending this approach to detect
common breaks in panels. Their method is related to our approach presented here, however, we focus
on individual breaks in fixed effects and thus treatment rather than on common breaks. In the factor
literature (not focusing on policy evaluation), Li et al. (2016) propose to use the LASSO to detect
common breaks in interactive fixed effects models. Conley & Taber (2011) compare inference when the
number of treatment groups is small to inference in structural break detection, but they do not explore
this link further.

Our paper is perhaps closest in-spirit to Okui & Wang (2021) on the selection side, and Wooldridge
(2021) on the treatment estimation side. Okui & Wang (2021) detect heterogeneous (group-specific)
structural breaks in coefficients on random variables using the adaptive LASSO. Relative to our ap-
proach, Okui & Wang (2021) do not focus on treatment effects and they partial out the individual fixed
effects rather than studying breaks in them. Their analysis also focuses on grouped rather than individual
structural breaks. We instead concentrate on breaks in unit fixed effects to detect treatment and explore
alternative selection methods (in addition to the LASSO we also use the general-to-specific – gets –
selection method) which can be embedded in an outlier-robust estimation framework. Nevertheless, the
group-specific method of Okui & Wang (2021) may be a promising avenue of future research in the case
of multiple (unknown) treated units.

In a standard ‘known-treatment’ setting, Wooldridge (2021) shows that heterogeneous and time-varying
treatment effects can be identified and estimated consistently using a TWFE estimator in a common tim-
ing and staggered setting using interactions of treatment times and dummies. We show that the starting
point of our break detection approach nests Wooldridge’s interacted TWFE specification as a special
case where we relax the knowledge around treatment assignment and timing, as well as homogeneity of
treatment effects over treated individuals. Thus, the interaction-augmented TWFE estimator proposed
in Wooldridge (2021) constitutes the target of model selection in our case, and the final retained models
identify heterogeneous treatment effects. Specifically, we show that ‘known’ policy dummy variables
in a TWFE panel model are equivalent to step-shifts in the individual fixed effects of the treated units
which can be detected using break detection methods. Similarly, we demonstrate that time-varying and
heterogeneous treatment effects using interactions are equivalent to allowing for unit-specific impulse
dummies which capture single-period structural breaks. In other words, as we show, treatment dummies
in a TWFE setting are equivalent to structural breaks taking the form of a step-shift in the individual fixed
effects of the panel units. Using this equivalence between step-shifts in the unit-specific intercept (i.e.
fixed effect) and known treatment dummies, we therefore propose an alternative estimation approach
based on reverse causal questions: rather than simply evaluating a known intervention, we instead esti-
mate a TWFE panel model while searching for potential structural breaks (step-shifts) in the unit-specific
intercepts. Notably, this approach identifies unit-heterogeneous fully-time-varying or piece-wise con-
stant treatment effects. The final model (conditional on having identified treatment breaks) corresponds
to a heterogeneous treatment effects model where treatment effect heterogeneity is identified using in-
teractions as in Wooldridge (2021) and thus does not suffer from the concerns around heterogeneous
treatment effects in staggered interventions (see Goodman-Bacon 2021, Callaway & Sant’Anna 2020,
De Chaisemartin & d’Haultfoeuille 2020, 2021, Baker et al. 2021).

Overall, relative to the time series literature using breaks for indicative policy evaluation, we expand the
break-detection approach to a panel setting where units without breaks act as a control group against
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which a break (i.e. treatment intervention) can be identified. Relative to the existing panel break litera-
ture, we focus on machine learning methods to detect breaks in single individual fixed effects and their
attribution as treatment interventions. Relative to the vast existing TWFE literature on policy evaluation,
our approach implements a reverse-causal estimation strategy detecting previously unknown treatment
(or events) while at the same time allowing known interventions to be embedded. Recently the detection
of structural breaks has also been applied to detect unknown discontinuities in regression discontinuity
design (RDD). For instance, Porter & Yu (2015) use a simple Andrews (1993)-type structural break test
to identify a regression discontinuity without prior knowledge of its existence. Similarly to their argu-
ment of an unknown discontinuity, we explore the use of break detection to identify previously unknown
treatment in TWFEs.

There are a range of nuances to our proposed approach. First, if treatment assignment and timing is
known (and happens to have a large effect), then imposing interacted treatment dummies allowing for
heterogeneous treatment effects for the known intervention in a TWFE estimator is effectively equivalent
to agnostically detecting a break in this fixed effect (if that is the only break retained) and estimating the
model post-break detection. The estimated model with an imposed break or a single retained break is
identical. In other words, if the intervention was known, we could simply run a TWFE estimator, which
will be equivalent to having found the one particular intervention and then assessing the estimated model.

Second, our idea is modular with respect to known treatment. If there is a known intervention, we can
impose it into the model without selection and estimate its impact, while at the same time searching for
additional breaks. This allows us to assess the impact of a known policy while also detecting potentially
unknown interventions, effectively implementing the theory-embedding approach described in Hendry
& Johansen (2015). It is worth noting that our approach concentrates on causes of effects by first
identifying effects. If there are no effects, naturally we cannot find any corresponding cause. Thus, for
unknown treatment we cannot distinguish between no treatment or a zero treatment effect. For known
treatment, however, this is not a concern as it can easily be embedded as a forced a-priori treatment
variable that is introduced into the model independent of the selection. We can also restrict the search
for breaks and treatment to a subset of units if we suspect that some units may be treated and are certain
that others are not.

Third, our conceptual approach is also modular in terms of the choice of detection method. We can use
different machine learning methods of our choice to detect breaks (i.e. treatment), depending on the
preferred properties of the selection algorithm. For example, if our main concern is the false-positive
detection rate, then we can choose to use methods that control the false discovery rate (such as general-
to-specific selection methods, henceforth ‘gets’). If instead we care about computational speed, we
could use regularised estimators, such as the (adaptive) LASSO.

There are of course some constraints to our methods. First, when detecting breaks in individual fixed
effects, each treated unit will be identified with a separate treatment dummy. While this allows for
straight-forward heterogeneous treatment effects, it means that we do not gain power if there are multiple
units that received the same treatment. Thus, our TWFE break detection approach mirrors the use of
interactions to identify known heterogeneous treatment effects (Wooldridge, 2021) and lends itself to
panels with longer time series and smaller cross-sectional dimensions with heterogeneous treatment
(similar to settings encountered when using synthetic controls).

Second, all break detection methods evaluate the presence of breaks relative to a specified underlying
model. If the model is not well-specified, then breaks that we detect may simply reflect model mis-
specification. This is of course also a problem in conventional TWFE difference-in-differences settings,
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however, can be amplified in our setting if we attempt to attribute a ‘spurious’ break to an event. This
effect can be mediated by selecting at tight significance levels to control the false-positive rate (when
using gets, see section 3.1.1) or by making use of robust estimators less sensitive to observations falling
outside the specified model (such as embedding break detection in a wider outlier-robust estimation
framework, e.g. Impulse Indicator Saturation, IIS – see Hendry et al. 2008; Jiao & Pretis 2020, Jiao et
al. 2021).

Third, once a treatment effect is detected in the form of a break, it has to be attributed to a potential cause
by manually referring to the existing literature and records. While this can be a challenge and requires
subject-specific knowledge, it offers an opportunity to learn from the data. A search for a potential
cause of an effect is comparable to arguing that a known intervention was exogenous (or as-if randomly
assigned) in a conventional programme evaluation application.

We demonstrate the feasibility of our break-detection approach using a well-known dataset on the eco-
nomic impacts of terrorism in Spain, where the onset of ETA terrorism in the Basque Country depressed
regional GDP per capita relative to unaffected regions. The dataset was originally analysed by Abadie
& Gardeazabal (2003) in their seminal paper introducing synthetic control methods. We show that we
can detect the ‘treatment’ of Basque terrorism as breaks in individual fixed effects in models of GDP per
capita without prior knowledge of its occurrence, in line with the original results by Abadie & Gardeaz-
abal (2003). The treatment intervention can be detected both in a simple TWFE setting with two regions
(where one region is unknowingly treated), as well as in a wider panel model of all of Spain’s mainland
regions. Beyond ETA terrorism, we also detect breaks in other regions which we attribute to an indus-
trial crisis in Madrid, and increased regional autonomy in the post-Franco era. Hence, our approach
directly operationalises the idea of reverse causal questions – we start with a simple TWFE estimator,
use machine-learning selection to identify significant interventions which can be interpreted as treatment
effects and subsequently attribute them to events that took place. Our proposed panel break detection
approach can be readily implemented using our accompanying R-package ‘gets’ (Pretis et al. 2018) and
the ‘getspanel’ update (Schwarz et al. 2021).

The roadmap for the remainder of the paper is as follows. In section 2.2 we first provide a simple il-
lustration of how structural breaks are closely linked to treatment evaluation in two-way fixed effects
estimators. We consider the standard case of known treatment assignment and illustrate its equivalence
to a step-shift break in the treated units’ intercept. In section 2.3 we then consider the case where
treatment assignment and timing is unknown, and we establish that unknown treatment assignment and
timing can be identified using impulse dummies in a saturated regression (for fully time-varying ef-
fects) and step-dummies (for piece-wise constant effects). Using recent results from Wooldridge (2021),
we show how time-varying and unit-heterogeneous treatment effects can be nested in dummy-saturated
models with more variables than observations. We further show that if we detect multiple treatment
breaks (in multiple different units), they can be interpreted as time-varying treatment effects in a stag-
gered treatment intervention setting. We discuss our approach in a balanced panel without explicitly
discussing control variables, however, the results should generalise to the inclusion of other covariates.
In the following section 3 we then briefly discuss two estimation approaches using general-to-specific
(gets) selection and the adaptive LASSO (and provide some simulations in the Supplementary material).
Finally, we apply our methods to models of Spanish regional GDP per capita in section 4.
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2 Conceptual Approach:
Break Detection to Detect Unknown Treatment Assignment & Timing

We consider the detection of treatment and subsequent estimation of treatment effects when both treat-
ment assignment and treatment timing are unknown. We show that if treatment assignment and timing
are unknown, such treatment can be identified by allowing for potential structural breaks at any point
in time for any unit in a model including individual and time fixed effects. Applying machine learning
methods allowing for model selection for more variables than observations, we then remove all irrelevant
treatment dummies and are left with the resulting model that identifies treatment assignment, timing, and
estimates treatment effects conditional on the treatment effects being non-zero.

To aid the reader’s understanding, we present a stylised example in Figure 1, which provides guidance
for the various aspects of our conceptual approach we touch upon in the following sections.

Unit 1 (treated)

Unit 2 (untreated)

Unit 1 (treated)

Treatment (detected)
unknown a−priori

Treatment Effect 
(detected) as 
step-shift

Unit 2 (untreated)

Unit 1 (treated)

Treatment Time

Unit 1 (treated)

Unit 2 (untreated) Unit 2 (untreated)

Known Treatment Timing and Assignment Unknown Treatment Timing and Assignment
detected as Structural Breaks

A1: Time-Varying Treatment E�ects A2: Constant Treatment E�ects B1: Time-Varying Treatment E�ects B2: Constant Treatment E�ects

Set of all possible treatment indicators
(removed using machine learning)

Average Treatment 
Effect on the Treated

Figure 1: Detecting unknown treatment timing and assignment as structural breaks – a stylised Example
using artificial data. Left: ‘Known’ Treatment baseline for time-varying and constant treatment effects.
Right: Detecting treatment as breaks using impulses for time-varying and step-shifts. All possible
impulse and step-indicators shown in grey, a subset of which (red) identify the true underlying treatment
(blue in left panels).

2.1 Setting

To illustrate the overall motivation and the close link between structural breaks and treatment evaluation,
consider a panel of N units over T time periods where one group is treated with a single treatment from
time t = q onwards. We initially consider the baseline case of known treatment assignment and timing,
where the treatment indicator d = 1 for the treated group (or individual) and d = 0 for the untreated.
Using the notation in Wooldridge (2021), we denote by yt(0) the outcome in the untreated control group,
and yt(1) the outcome in the treated group at time t. The treatment effect at time t due to treatment
occurring from time t = q onwards is given by the difference yt(1) − yt(0). As is convention in the
literature, we focus on the average treatment effect on the treated τt:

τt = E[yt(1)− yt(0)|d = 1] (1)
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To identify the average treatment effect we assume there is no anticipation of treatment, in other words,
the potential outcome for a unit prior to treatment is identical to the untreated units:

E[yt(1)− yt(0)|d = 1] = 0, for t < q (2)

Further we rely on the common trend assumption which is standard in much of the treatment effects
literature:

E[yt(0)− yt=1(0)|d] = E[yt(0)− yt=1(0)] = θt, for t = 2, ..., T (3)

Finally, we also assume there is at least one untreated unit. We then write the observed outcome as:

yt = yt(0) + d[yt(1)− yt(0)] (4)

The expected outcome conditional on treatment is:

E[yt|d] = E[yt(0)|d] + d× τt (5)

We define the change in yt over time in absence of treatment as:

gt(0) = yt(0)− yt=1(0) (6)

and under the common trend assumption we have that E[gt(0)|d] = E[gt(0)] = θt. We thus have that:

E[yt=1(0)|d] = λ+ ξd (7)

where ξ denotes the average pre-treatment difference between the treated and untreated groups and λ
denotes the average level of y for the untreated. Combining all above yields the expected value of yt
conditional on treatment as:

E[yt|d] = λ+ ξd+ θt + d× τt (8)

For illustration purposes, assume the treatment effect is constant over time, τt = τ . Under the assump-
tion of no anticipation we have that:

E[yt|d] = λ+ ξd+ θt, for t < q (9)

= λ+ ξd+ θt + d× τ , for t ≥ q (10)

This is a standard result in the treatment effects literature and the above model can be consistently
estimated using a TWFE estimator (see e.g. Wooldridge 2021):

yi,t = ci + gt + τwi,t + ui,t (11)

with wi,t = di × qt where di is an indicator for whether the individual is treated, qt an indicator for the
post treatment period, ci denote individual fixed effects, and gt time fixed effects. Note that Wooldridge
(2021) groups the untreated mean into a single intercept, however, the treatment effect estimates are
unaffected by whether we include a common intercept or allow for unit-specific intercepts (i.e. fixed
effects). Notably, the above model shows the close link to structural breaks as we identify the average
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treatment effect as a step-shift of magnitude τ at time q in the treated unit’s intercept:

E[yi,t|di = 1] = ci + τ × 1{t≥q} + gt (12)

= ci,t + gt

where ci,t =

{
ci for t < q

ci + τ for t ≥ q
(13)

Figure 1 (column A2, left) shows a stylised example illustrating how a constant treatment effect corre-
sponds to a simple step-shift in the individual-specific intercept.

2.2 Known Treatment Assignment with Unknown Timing

Now suppose we know which units are treated, but the timing of treatment is unknown. This may be the
case when we suspect some intervention or event took place in some regions/countries, but the actual
date of the intervention is uncertain. Let H denote the set of treated individuals and 1{i ∈ H, t ≥ q} an
indicator function equal to one when i is part of the treated group and t falls in the post-treatment period.
When treatment timing is unknown, we can interpret the identification of treatment effects as a break
detection problem where we detect a structural break in the treated unit’s specific intercept conditional
on there being a non-zero treatment effect:

yi,t = ci + τ × 1{i ∈ H, t ≥ q} + gt + ui,t (14)

When treatment is known, the above model (14) corresponds to a partial structural change model (see
e.g. Perron 2006) with ci,t being allowed to break for treated individuals in the sample, and we estimate
the break date q as well as treatment effect τ . If there is only a single treated unit and we detect a
structural break in its intercept at the time of treatment, then the resulting model with a structural break
is identical to the treatment effect model (11). There is thus a close link between break detection and
the estimation of treatment effects in TWFE estimators.

However, the above model (14) may be overly restrictive as it assumes a single treatment with known-
assignment and unknown-timing. In practice there may exist a myriad of possibly unknown interventions
and we may face uncertainty around both treatment assignment as well as timing. In other words, we
may not know which (if any) units are treated, and at what time such treatment may have occurred. In
addition, treatment effects may also be heterogeneous over treated units as well as over time.

We therefore now turn to the setting where we allow for both treatment assignment and timing to be
unknown (see section 2.3), and also relax the assumption of time-constant and homogeneous treatment
effects over treated units (Section 2.3.1). Subsequently we consider multiple treatments (which could
also be interpreted as staggered adoption) in section 2.3.3.

2.3 Unknown Treatment Assignment & Timing for a Single Treatment

We now consider detecting treatment when treatment assignment and timing are unknown and treatment
effects may be heterogeneous over treated units and time. We begin by relaxing the assumption that
treatment effects are constant over time in the known treatment setting. Allowing for time-varying
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treatment effects τt we can write the expected outcome conditional on treatment as:

E[yt|d] = λ+ ξd+ θt, t < q

= λ+ ξd+ θt + d× τt, t ≥ q (15)

If treatment assignment and timing is known, the above can be consistently estimated using interactions
in a TWFE estimator (see Wooldridge 2021 for the ‘known treatment’ case), where again we here allow
for unit-specific intercepts:

yi,t = ci + gt +
T∑

s=q

τs(di · 1{t=s}) + ui,t (16)

This is equivalent to a set of step-shifts of duration 1 (with common coefficient over i in H) at times
q, q + 1, ..., T , where each time step is denoted as an index s, which ranges from s1, s2, ..., S. We now
relax the assumption of having common coefficients over i, in other words, we allow for heterogeneity
in treatment effects over i. Let H = {m1,m2, ...,mM} denote the set of M treated units. For example
if units i = 2 and i = 3 are treated, then there are two treated units M = 2, and m1 = 2 and m2 = 3.
The above model (16) can then be written in a general specification allowing for unit-heterogeneous
treatment effects at every time as:

yi,t = ci + gt +
∑

j ∈ H

T∑

s=q

τj,s1{i=j,t=s} + ui,t (17)

where 1{i=j,t=s} denotes an indicator function equal to one for all treated i in the set of treated units
H and t = s in the post-treatment period s ≥ q, and zero otherwise. This specification relaxes the
restriction of homogeneous treatment effects across treated units. Figure 1 (column A1, left) shows a
stylised example of individual impulses capturing a treatment effect. Specifically, each treated post-
treatment observation is captured by a single time-period dummy. While these cannot be estimated
consistently because they capture single observations, such dummy variables can be estimated unbias-
edly (see Hendry & Santos 2005) and, as we showed here, identify unit- and time-specific treatment
effects.

To relate the known case to the unknown treatment setting, we further refine our notation. We define
an index of the timing of non-zero treatment effects for each treated unit j ∈ H denoted as Rj =

{qj,s=1, qj,s=2, ..., qj,Sj} where Sj denotes the number of treatment indicators for unit j. For example,
suppose that in a 3-unit panel with T = 20 observations units i = 2 and i = 3 are treated (m1 = 2,m2 =

3) with non-zero treatment effects from t = q, ..., T . Then H = {2, 3} with corresponding treatment
effects atR2 = {q2,1 = q, q2,2 = q+1, ..., q2,S2 = T} andR3 = {q3,1 = q; q3,2 = q+1, ..., q3,S3 = T}.
With common treatment timing and effects this implies that R2 = R3. Thus the known-treatment and
known-timing baseline in (17) can be written as:

yi,t = ci + gt +

mM∑

j=m1

qj,Sj∑

s=qj,1

τj,s1{i=j,t=s} + ui,t (18)

or by simplifying notation as:

yi,t = ci + gt +
∑

j∈H

∑

s∈Rj

τj,s1{i=j,t=s} + ui,t (19)
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Now what if treatment assignment and timing are unknown? The above model in (19) constitutes the
‘known’ intervention baseline, i.e. the target of model selection/break detection. In 2.3.1 we now
consider the detection of treatment assignment and timing allowing for unit-heterogeneous and time-
varying treatment effects as in (19) which we will show is matched by a saturating set of unit-time-
specific impulse dummies. We then consider treatment detection allowing for unit-heterogeneous but
piece-wise constant treatment effects over time, which we will show is nested by a saturating set of
unit-specific step-shift breaks.

2.3.1 Detecting Unknown Treatment When Treatment Effects are Fully-Time Varying

If treatment assignment and treatment timing is unknown, the ‘known’ treatment model (19) can be
embedded in a general model allowing for potential treatment of any unit at any point. The most flexible
specification that nests the ‘known’ treatment specification (19) as a special case is a fully-saturated
model allowing for a treatment dummy for each individual at every point in time:

yi,t = ci + gt +

N∑

j=1

T∑

s=1

τj,s1{i=j,t=s} + ui,t. (20)

The model in (20), which identifies unit-specific treatment effects for each unit for each time period,
however, cannot be estimated as such because the number of parameters matches (or exceeds) the num-
ber of observations. Effectively there are NT possible indicator variables added to the balanced panel.
Figure 1 (column B1, right) shows the full set of these impulse indicators, a subset of which identify the
true treatment effect shown in panels on the right.

The aim is thus to reduce the general model (20) to a sparse model, ideally coinciding with the underly-
ing target of the known baseline (19). Thus, we require the additional assumption that treatment effects
are sparse, we have at least one untreated unit and some untreated time-periods for treated units – as-
sumptions that are very common in the wider treatment evaluation literature. Starting with this general
model, we then apply machine learning/model selection to remove all but ‘relevant’ dummy variables
using selection algorithms capable of handling more variables than observations. We discuss two pos-
sible machine learning algorithms in more detail in section 3.1. In fact, the dummy-saturated model in
(20) is equivalent to an outlier-robust Huber-Skip estimator, where the retained impulse dummies de-
tecting ‘outliers’ relative to the model capture the time-varying unit-specific treatment effects (see e.g.
Jiao et al. 2021, Hendry et al. 2008, Johansen & Nielsen 2009, Johansen & Nielsen 2016a). We write
the sparse final selected model as:

yi,t = ĉi + ĝt +
∑

j∈Ĥ

∑

s∈R̂j

τ̂j,s1{i=j,t=s} (21)

where we effectively estimate treatment assignment Ĥ = {m̂1, m̂2, ..., m̂M̂}, together with the index of
treatment occurrence R̂j = {q̂j,1, q̂j,2, ..., q̂j,Ŝj

} where Ŝj denotes the number of treatment indicators for
unit j, and the the time-varying and unit-specific treatment effects τ̂j,s conditional on having non-zero
treatment effects. Note that we detect treatment when it has an effect, i.e. we detect treatment effects
conditional on them being non-zero. Using the resulting estimated treatment effects τj,s it is straight-
forward to compute the average treatment effects for the treated (ATTs) for specific units or time periods.
As impulse indicators are orthogonal, it is trivial to compute the standard error for the resulting ATTs.
For example, we can compute the estimated ATT for individual j over the entire period of non-zero
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detected treatment effects as:

ÂTT j =
1

Ŝj

Ŝj∑

s=1

τ̂j,s, with standard error se
(
ÂTT j

)
=

√√√√√ 1

Ŝj

Ŝj∑

s=1

se (τ̂j,s)
2 (22)

If we are interested in a subset of treated periods we could simply restrict the ATT to those relevant time
periods (or units). A remaining issue, however, is that detecting individual impulses may suffer from low
power if treatment effects are small and actually constant over some period of time. If we are interested
in ATTs over time for some treated units, allowing for piece-wise constant treatment effects may yield
higher power of detection which we discuss in the next section 2.3.2.

2.3.2 Detecting Unknown Treatment With Piece-Wise Constant Treatment Effects

While treatment effects may be heterogeneous over individuals i, they may be constant for some time
periods. Such constancy over time can lead to higher power to detect treatment. Consider treatment
effects in (15) that are constant over time following treatment from t = q onwards, but allowed to vary
over treated individuals:

yi,t = ci + gt +
∑

j∈H
τj1{i = j, t ≥ q} + ui,t (23)

Then for each treated unit in H (where di = 1) with time-invariant treatment effect τi,t = τi, for all t,
the change from pre-treatment to post-treatment is given by a step-shift change in the unit-specific inter-
cept of magnitude τi. For example, for treated unit i with time-invariant treatment effect, the expected
outcome is given by:

E[yi,t|di = 1] = ci + gt + τi × 1{t≥q}

= ci,t + gt (24)

where ci,t =

{
ci for t < q

ci + τi for t ≥ q

which is just a step-shift in the unit-specific intercept (i.e. fixed effect), equal to ci prior to treatment, and
ci + τi post treatment. Estimates of τi then correspond to the unit-specific average treatment effect over
time. If treatment timing and assignment are unknown, we can generalise the impulse-dummy approach
to nest known treatment as a special case in a general model now allowing for step-shifts at any point in
time as:

yi,t = ci + gt +

N∑

j=1

T∑

s=2

τj,s1{i=j,t≥s} + ui,t (25)

where a subset of the step-functions 1{i=j, t ≥ s} correspond to the actual treatment effects model in (23).
This allows for any unit to be potentially treated at any point in time – with s starting at 2 rather than 1,
so as not to coincide with the fixed effect in ci. We then aim to remove treatment indicators such that
we only retain the subset of truly treated units and time periods. Under sparsity of treatment effects i.e.,
there remain units and time periods without treatment, we write the final selected model as:

yi,t = ĉi + ĝt +
∑

j∈Ĥ

∑

s∈R̂j

τ̂j,s1{i=j,t≥s} (26)
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where we estimate treatment assignment by detecting those units i that have at least one break indicator
retained, and break times are estimated by the starting date of each retained break function. Figure 1
(column B2, right) shows the full set of step-functions, a subset of which identify the true treatment
effect.

Note that this setup does not impose that treatment effects have to be strictly constant over time post-
treatment, as a linear combination of step-functions can capture time-varying treatment effects.

2.3.3 Unknown Treatment Assignment and Timing For Multiple Treatments

If there is a single underlying treatment and break detection identifies a single intervention then the
interpretation and attribution of detected effects is straight forward. However, in practice there may be
multiple treatments detected as breaks at different times for multiple different units. What do we identify
if we detect multiple such treatment occurrences at different times for different units? Irrespective of the
selection algorithm employed (see section 3.1), consider the following final retained model with a range
of detected treatment impulse dummies:

yi,t = ĉi + ĝt +
∑

j∈Ĥ

∑

s∈R̂j

τ̂j,s1{i=j,t=s} (27)

or step-functions:
yi,t = ĉi + ĝt +

∑

j∈Ĥ

∑

s∈R̂j

τ̂j,s1{i=j,t≥s} (28)

What is identified if the detected treatment time varies across units in the panel? For example, what
if we find both j = 1 and j = 2 to be in the treated group, but their treatment timing differs, i.e.
Rj=1 ̸= Rj=2 for both j = 1 and j = 2? We show that the final retained models with heterogeneous
treatment dummy variables (27) and (28) are equivalent to staggered treatment with heterogeneous ef-
fects where heterogeneity and staggered adoption are captured through interactions. In other words, the
impulse indicator estimator identifies unit and time-specific staggered treatment effects conditional on
the treatment effect being non-zero. If treatment effects are constant over time, then a saturating set
of step-functions nests the known-treatment assignment and timing model as a special case even when
treatment is staggered. To illustrate this equivalence, we follow the discussion in a known-treatment set-
ting by Wooldridge (2021) on how interaction terms identify treatment effects in a staggered treatment
setting. Subsequently we show that this is nested by the IIS and SIS break detection estimators in an
unknown treatment setting, establishing that detected breaks identify unit- and time-specific treatment
effects.

For exposition, consider a staggered treatment DGP where we denote the time of the first intervention
by q. We define treatment cohort dummies similar to Wooldridge as dq, ..., dQ whereQ denotes the final
time of intervention, which would be equal to T when treatment lasts until the end of the sample. We
refer to the time of each intervention as r ∈ {q, q + 1, ..., Q}. The potential outcome at time t for unit
treated at time r is given by yt(r), with the outcome for the never treated unit referred to as yt(∞) i.e.
treated at no point in time. The quantities of interest are the treatment effects of each unit first receiving
treatment at time r given by the difference in outcomes yt(r) − yt(∞), r = q, ..., Q. In a staggered
setting we hope to identify the average treatment effects on the treated ATT for each intervention (given
by different cohorts which we will relax to different individuals):

τr,t = E[yt(r)− yt(∞)|dr = 1], r = q, ..., Q; t = r, ..., T. (29)
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Under no anticipation and common trends in a standard known-treatment setting, Wooldridge (2021)
demonstrates that heterogeneous treatment effects can be consistently estimated in a staggered treatment
setting using interactions in a TWFE estimator (we replicate the derivation in Supplementary Section
6.1). Specifically, the expected outcome in a staggered treatment setting can be written as

E[yt|d] = η + λqdq + ...+ λQdQ + θt (pre-treatment t < q)

= η + λqdq + ...+ λQdQ + θt + τq,tdq + ...+

+τQ,tdQ (post-treatment t ≥ q) (30)

where η is the average level of y for the untreated group and λq refers to the average level of y for the
treated cohorts pre-treatment. This can be consistently estimated using a TWFE estimator with time-
cohort interactions as:

yi,t = ci + gt +

Q∑

r=q

T∑

s=r

τr,s(di,r · 1{t=s}) + ui,t (31)

In the above equation each cohort has a set of time-varying treatment effect estimates. Now con-
sider each treated unit in the panel being allowed its own treatment effects (i.e. each unit in each
cohort receives its own treatment effect or each cohort is of size one). As before, consider H =

{m1,m2, ...,mM} as the set of i that are treated at some time, where treatment timing is not exclu-
sive. In other words, m1 and m2 may be treated at the same time (but may also be treated at different
times). Then relaxing the above assumption that each treatment cohort has the same treatment effect,
the above model (31) can be written as:1

yi,t = ci + gt +
∑

j∈H

T∑

s=r

τj,s1{i=j,t=s} + ui,t (33)

This is identical to the interaction of the treatment dummy di,r and time dummies 1{t=s} above, except
we disaggregate treatment cohorts into individual units. Using simplifying notation, we can write (33)
as:

yi,t = ci + gt +
∑

j∈H

∑

s∈Rj

τj,s1{i=j,t=s} + ui,t (34)

This matches the impulse-dummy saturated final specification where treatment assignment and timing
is estimated in (27). Similarly, if treatment effects are piece-wise constant over time we can write (33)
as:

yi,t = ci + gt +
∑

j∈H

∑

s∈Rj

τj,s1{i=j,t≥s} + ui,t (35)

Estimating this heterogeneous staggered-treatment model matches the post-selection step-function model
in (28). Thus, detecting multiple treatments through impulses or step-indicators is equivalent to the esti-
mation of treatment effects in a staggered-intervention setting when heterogeneous treatment effects are
identified using interactions. We identify average treatment effects (over time) for each treated unit rela-
tive to the never treated cases, conditional on the treatment effect being large enough to be detected. If a
single unit experiences more than one treatment – then this can be interpreted as time-varying treatment
(where the sum of effects is the treatment effect relative to the never treated), or a separate treatment

1To recover (31) we could restrict equation (33) as:

τml,s = τmk,s = τr,s, for k ̸= l and (ml,mk) ∈ the same treatment cohort r (32)
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event relative to treatment received earlier.

2.4 Challenges

Naturally there are challenges to our proposed approach to detect treatment, and properties of the final
identified model will depend on the machine learning/model selection algorithms employed. In section
3, we briefly discuss the general properties of using ‘gets’ (through impulse- and step-indicator satu-
ration, IIS and SIS respectively) and the (adaptive) LASSO (Tibshirani 1996, Zou 2006) and how they
relate to the power of identifying treatment correctly, controlling the false-positive rate of retained break
variables, and conducting valid inference.

First, we may miss that treatment occurred (a relevant break variable is not retained). However, our
approach allows a researcher to embed a known or suspected treatment just like in a difference-in-
difference treatment evaluation setting (see section 3.2). Additionally, varying the acceptable false-
positive rate can also result in identifying more potential treatments.

Second, we may detect spurious treatment as false-positives by retaining irrelevant break variables.
Though, the ‘gets’ approach described in section 3.1.1 allows an explicit control of the false-positive
rate.

Third, we may face challenges with post-selection inference (effects may be biased as large breaks are
more likely to be retained than small ones). Some of these concerns can be mitigated through bias-
correction and adjustment for post-selection inference.2

Fourth, if treatment affected all units under analysis, then the treatment effect will be subsumed into the
year fixed effects gt and not detectable as such – but again such a treatment would also not be identified
with comparable treatment evaluation methods.

3 Operationalising the Detection of Treatment Assignment and Timing

3.1 Detection Methods and Their Approximate Properties

The idea of detecting structural breaks to identify treatment can be operationalised by applying break-
detection in a panel setting, starting with the general saturated models (20) or (25) for fully time-varying
and piece-wise constant treatment effects respectively. We emphasise that the idea of detecting treatment
by detecting breaks is separate from the method of implementation – there are numerous possible ma-
chine learning detection/selection methods available and their properties will determine the effectiveness
of detecting previously unknown treatment. Here we briefly consider two model selection approaches:
general-to-specific selection using impulse-indicators (interpreted as an outlier-robust estimator) or step-
indicators (for piece-wise constant treatment), and the (adaptive) LASSO, though we are not limited to
these in practice. For example, the group-specific break detection approach in Okui and Wang (2021)
could be a promising future avenue of detecting treated groups rather than individuals. Note that in the
outlier-robust/general-to-specific setting, the problem of variable selection is generally studied under
the null of no treatment – i.e. we focus on the false positive rate of detection which is also the main
calibration parameter. In turn, in the shrinkage-based model selection literature (e.g. the LASSO) the
focus has been on consistent selection, with less attention being paid to the false positive rate. We also
consider the performance of each in a simulation study reported in Supplementary Section 6.2.

2See e.g., the coefficient bias correction function in the ‘gets’ package.
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3.1.1 Treatment Detection using ‘gets’ and Impulse- or Step- Indicator Saturation

The impulse-indicator saturated model (20) is equivalent to impulse indicator saturation (IIS, see Hendry,
Johansen and Santos, 2008) in a panel and can be interpreted as a Huber-skip outlier-robust estimator
(see e.g. Jiao et al. 2021, Johansen & Nielsen 2009, Johansen & Nielsen 2016a). Coefficients on
dummies that are used to determine outliers correspond thus to individual- and time-specific treatment
effects. IIS has well-established properties under the null of no outliers (here interpreted as no treat-
ment/zero treatment effects) where the false positive rate can be easily controlled by specifying the rel-
evant tuning parameter. IIS corresponds to a robust Huber Skip estimator and targets the false-positive
rate of detection by removing impulse indicators up to the chosen level of significance γc. For example,
under a normal reference distribution, choosing c = 1.96 would correspond to a target level of signif-
icance of γ1.96 = 0.05. We denote the observed false positive rate γ̂c as the proportion of spuriously
retained indicators at the chosen cut-off c out of all possible break variables considered:

γ̂c =
Lc
L

(36)

where Lc =
∑M̂

j=1 Ŝj is the number of retained indicator variables at cut-off c and L denotes the total
number of potential treatment variables selected over, usually equal to the total sample size L = n =

NT in a balanced panel allowing for treatment at any point in time for every unit. The asymptotic
properties of IIS under the null of no breaks as the total sample size n → ∞ are explored in Hendry
et al. (2008) and Johansen and Nielsen (2009; 2016b), who show that when there are no breaks (and
accounting for multiple testing), the false positive rate of retained breaks (i.e. the number of retained
indicator dummies Lc relative to all possible indicators L) converges to the chosen nominal level of
significance of selection γc:

γ̂c =
Lc
L

→ γc, as n→ ∞ (37)

where n denotes the sample size (in a balanced panel n = NT ). In other words, if there is no treatment
effect (i.e. if there are no true underlying breaks), then the proportion of spuriously detected indicators
converges to the chosen level of significance, e.g. 1% for γc = 0.01. In the present context of detecting
treatment at any point in time for any unit in a balanced panel, selecting at γc = 0.01 yields an expected
number of 0.01 × NT spuriously retained indicators. Thus, IIS in a Huber-Skip robust interpretation
makes it straight forward to control the false discovery rate of breaks (and thereby treated units) by
varying γc.

We can estimate the set of treated units Ĥ as those that have at least one treatment indicator (i.e. impulse
dummy) retained:

i ∈ Ĥ if Q̂i > 0 (38)

For practical purposes, this definition could also be made more stringent to differentiate between ‘out-
liers’ and actual treatment that can be attributed to potential causes. In other words, we could restrict
identification of treatment to some minimum of consecutive impulse dummies. The number of estimated
treatment breaks for unit j is given by Ŝj (with E[Ŝj ] = γc × T ). The probability of a particular unit
in the panel being falsely-classified as ever-treated depends on the number of time series observations
for each unit. Consider a panel of N individuals over T time periods. IIS adds NT dummies, with an
expected number of retained dummies of γc ×NT . The probability of at least one break per individual
will depend on the number of time periods in the sample and the cut-off γc. The probability of a partic-
ular unit i being spuriously classified as ever-treated is given the probability of at least one observation
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of unit i being falsely-classified as treated:

P (i ∈ Ĥ|di = 0) = 1− (1− γc)
T (39)

which increases with T because for larger samples (and fixed γc) the probability of retaining an indicator
spuriously increases as the number of indicators increases with T . Under the null of no treatment (when
in fact no unit is treated), the expected number of falsely detected treated units is then given by:

E[M̂ ] = P (i ∈ Ĥ|di = 0)×N = (1− (1− γc)
T )N (40)

If we are worried about the false-positive rate of treated units specifically (rather than the false-positive
rate γc of treatment at any point in time for any unit), it is possible to scale γc to ensure a stable false-
positive rate of classifying the treatment group. Let pH denote the target false positive rate of a unit
being incorrectly-classified as treated. Then for any target false positive rate pH , we can choose γc as:

γc = 1− (1− pH)
1
T (41)

This controls the false positive rate of being assigned to the ever treated group to pH in expectation.
For example if T = 50, and we aim for a false-positive rate of a single unit incorrectly being classified
as treated of 5% i.e. pH = 0.05, then we should set the nominal level of selection to γc = 0.001 =

1− (1− 0.05)
1
50 . Similarly, we could set the target level of significance to maintain a stable number of

false-positive treated units. If on average we are willing to accept a total of N0 = E[M̂ ] false-positive
treated units in expectation (where M̂ is the estimated number of treated units), the above results imply
that:

N0 = (1− (1− γc)
T )N (42)

which can be targeted by setting γc to:

γc = 1− (1− N0

N
)

1
T (43)

and which will yield N0 expected treated units in expectation when there are in fact no treated units in
the true underlying DGP. For example, if we have a panel of N = 20, T = 50, and we are willing to
accept one unit to be falsely-classified as treated on average (N0 = 1), then we can set γc = 0.001 ≈
1 − (1 − 1

20)
1
50 . Thus, if we are concerned about the false positive rate of treatment classification, then

treatment detection in a panel perhaps warrants tighter target significance levels γc than conventionally
used in the selection/break detection literature.

If we consider the piece-wise constant treatment effects model matched by step indicators (25), then
selecting over treatment variables using the tree search ‘gets’ is equivalent to applying step-indicator
saturation (SIS, Castle et al., 2015) in a fixed effects panel where blocks of steps are included for each
individual. SIS uses a near exhaustive tree-search based on a specified level of significance γc up to
which individual step-functions are removed. The properties of SIS are reasonably well-understood
(see Castle et al., 2015; Nielsen & Qian, 2018), and transfer to the panel setting when interpreted as a
least-squares dummy variable estimator. The asymptotic properties of SIS under the null of no breaks
as n → ∞ are explored in Nielsen & Qian (2018), who show that when there are no breaks (and
accounting for multiple testing), the false positive rate of retained breaks (i.e. the number of detected
break indicators Lc relative to all possible break variables L) converges to the chosen nominal level of
significance of selection γc:

γ̂c =
Lc
L

→ γc, as n→ ∞ (44)
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Specifically, if we allow for possible treatment of each unit at every point in time, then – in absence of
treatment – the expected value of detected breaks is γc ×N(T − 1) in a balanced panel.3 Which again
translates into a probability of being classified as treated as above, with an exponent of (T-1):

P (i ∈ Ĥ|di = 0) = 1− (1− γc)
(T−1) (45)

Then for any target false positive rate of being classified as treated pH , we could choose γc as:

γc = 1− (1− pH)
(1/(T−1)) (46)

This matches the properties of IIS except we are searching over N(T − 1) rather than NT possible
indicators in an exhaustive search – of course the first indicator would coincide with the fixed effects.

Under the alternative (i.e. in the presence of actual treatment), for simple cases (where the number of
variables does not exceed the number of observations), ‘gets’ has been shown to be a consistent model se-
lection procedure retaining all relevant variables with probability equal to one as n→ ∞ (see e.g. Cam-
pos et al., 2003). In our setting where the number of variables can exceed the number of observations, we
investigate the performance under the alternative (in the presence of structural breaks/treatment) using
a range of simulations (see section 6.2). As the selection rule is pre-specified, coefficients on impulse
and step-indicators could be bias-corrected to address concerns about post selection inference (see Pretis
et al. 2018 for an implementation of bias correction in SIS). The ‘gets’ selection approach using IIS or
SIS can be readily implemented to detect treatment breaks in panels using the R-package ‘gets’ with the
‘getspanel’ update.

3.1.2 Treatment Detection using the (adaptive) LASSO

As a second possible selection approach we briefly consider one variant of the LASSO to detect unknown
treatment in the TWFE panel model. Unlike ‘gets’, the LASSO does not target the false-positive rate,
instead penalising the L1-norm of possible coefficients. The simple LASSO itself is not a consistent
model selection method, however, the adaptive LASSO which modifies the weights on coefficients is
consistent and exhibits oracle properties (Huang et al., 2008). In particular, Huang et al. (2008) show
the oracle properties of adaptive LASSO in high-dimensional problems where the number of regressors
increases with the sample size.

To implement the LASSO to identify treatment we require different weights v on the coefficients that
will be penalised. We specify the weights on control variables such that these are never removed from
the model (e.g. the individual and time fixed effects), while the potential treatment variables will receive
penalty weights that allow them to be dropped from the model. Since the base models with impulses
(20) or steps (25) may contain more variables than observations we cannot use conventional OLS as an
initial estimator to determine the penalty weights for the adaptive LASSO. Instead, we follow the fixed
effects panel approach of Kock (2013) and Kock (2016) to use the conventional LASSO as an initial
estimator, and subsequently take the inverse of the initial LASSO coefficients as the penalty weights in
the second step of the adaptive LASSO. The least squares objective function for the adaptive LASSO
implementation in our setting is given by:

arg min
c,g,τ

1

NT

N∑

i=1

T∑

t=1

(yi,t − ci − gt −
N∑

j=1

T∑

s=2

τj,s1{i=j,t≥s})
2 + λ

N∑

j=1

T∑

s=2

vj,s|τj,s| (47)

3Albeit simulation results show a higher false-positive rate for SIS in small samples, warranting perhaps a more conservative
choice of γc.

123



Paper 4: Discovering What Mattered: Answering Reverse Causal Questions by
Detecting Unknown Treatment Assignment and Timing as Breaks in Panel Models

where the second term denotes the penalty term on the break coefficients τ with tuning parameter λ and
penalty weights v corresponding to the inverse of the coefficients in an initial LASSO estimator. The
tuning parameter λ can be chosen using using cross-validation or information criteria. Closely related
to our work, albeit not focused on fixed effects, Qian & Su (2016a) use the adaptive LASSO to estimate
common breaks across individuals. Okui & Wang (2021) show that the adaptive LASSO – albeit using a
fused structure – can further be used to estimate breaks that are heterogeneous across groups. However,
they do not focus on breaks in fixed effects or treatment evaluation. Larger breaks, i.e. larger treatment
effects, are more likely to be retained in the final model – akin to the gets approach in section 3.1.1 –
potentially complicating inference on the final retained model. Post-selection inference has received a
fair amount of attention in the LASSO literature. Simple data-splitting approaches (such as Cox 1975)
are not feasible in our setting as the treatment variables only apply to a subset of observations. Lee et al.
(2016) propose a post-selection inference correction for the LASSO. Alternatively, Zhao et al. (2021)
show that the naive approach of re-estimating an OLS model post-selection can perform surprisingly
well in many settings.

3.2 Embedding Known Interventions

There are two ways in which break detection to identify treatment can be implemented: either as an
agnostic way to detect fully unknown treatment assignment and timing, or as a robustness check em-
bedding known treatment and searching for additional previously-unknown interventions. Above we
outlined the case where we detect treatment as a purely agnostic data-driven approach to identify inter-
ventions without any prior knowledge of their occurrence. While the approach is agnostic and any unit
may be treated at any point in time, a potential downside is a loss in power if treatment assignment and
timing is known and there are multiple treated units with a homogeneous treatment effects, since each
treated unit would have to be identified individually.

If treatment assignment and timing is known for a particular intervention then break detection can be
adapted as a robustness check for additional unknown treatment in conventional TWFE difference-in-
differences models. In this case we force the known treatment dummy (or dummies for interactions)
to be included in the model, and select over additional treatment indicators. This corresponds to the
Hendry & Johansen (2015) theory-embedding approach where fixed regressors are embedded in a wider
information set that we select over.

Then selection takes place over the break variables to detect additional treatment (omitting the break
variables perfectly coinciding with known treatment dummies), known treatment dummies remains in
the model without being selected over. This allows additional unknown treatment to be detected, while
the coefficient on the forced (not-selected-over) break variable yields an estimate of the conventional
treatment effect in a TWFE panel. It is worth highlighting that we do not necessarily need to allow for a
break at every point in time (or individual). If there is a strong reason that the break should be localised
in particular time periods (or among particular individuals), then only those could be included in the
candidate set of break variables selected-over.

3.3 Ex-Post Attribution of Detected Events

Having identified treatment as structural breaks the remaining challenge is then to attribute the detected
effects to possible causes. Much of the difference-in-differences TWFE literature is dedicated to justi-
fying that specific known interventions were exogenous (or as-if randomly assigned). Similar to such
subject-specific justifications, the ex-post attribution of events to possible causes will require subject-
specific knowledge. Ultimately, in absence of a randomised experiment, making the case for a known
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intervention to be exogenous is comparable to searching for a potential cause of a detected effect. Par-
ticularly, once a potential cause of a detected effect has been identified, we could have simply estimated
a conventional difference-in-differences model using the ‘known’ intervention. Thus, in the proposed
reverse causal approach we expect that much of the discussion will be dedicated to arguing that a partic-
ular detected break coincides with a particular event that was discovered after the effect was observed.
Naturally there may be many such events that took place and it can be difficult to attribute the observed
effect to that single event. However, the same challenge applies in ‘known’ treatment evaluation – treat-
ment has to occur in isolation without other events taking place at the same time affecting the treated
units. So while the search for causes is different than arguing that a cause was unique, subject-specific
knowledge will be necessary in both settings.

4 Illustrative Application:
Detecting the Impacts of Terrorism on GDP per Capita

We demonstrate our break detection approach to identify unknown treatment assignment and timing
using a well-known dataset on Spanish regional GDP per capita (see Abadie & Gardeazabal, 2003). We
purposely choose a well-known example to illustrate our methods. We also provide a policy-focused
application with novel data in our closely-related paper in Koch et al. (2022). The dataset for our
illustrative application here spans all of mainland Spain’s 15 regions (where we exclude the Canary
and Balearic Islands) over 31 years from 1965 to 1995 for a total of 465 region-year observations. In
their seminal paper, Abadie & Gardeazabal (2003) used a forward causal approach to study the effect
of ETA terrorism on regional economic output. The authors find a substantial reduction in regional
GDP in response to local terrorism introducing synthetic control methods. Here we ask the reverse
causal question: what affected regional GDP per capita in the Basque Country (or wider Spain)? We
show that the “treatment” taking the form of ETA terrorism (alongside a number of other previously
unidentified treatments) can be detected without prior knowledge of its occurrence using our proposed
break detection approach.

To illustrate our methods, we first consider a simple TWFE panel setting with two regions (the Basque
Country and Madrid) where we search for breaks to detect treatment in GDP per capita.4 We then expand
this into a multi-region panel of mainland Spain to assess breaks in a wider context. Our results show that
we can detect the effect of ETA terrorism without prior knowledge of its occurrence and obtain treatment
effect estimates that are near-identical to a known-treatment model. Our break detection approach also
provides evidence that the treatment effects of GDP impacts of ETA terrorism were transitory and are
no longer detectable post-1990. In addition, in the panel with more than two regions we also detect
breaks which we attribute to an industrial crisis and increased autonomy following the Franco era in
other regions.

4.1 Detecting Treatment in a Panel with Two Regions

We first consider a simple panel with two regions: the Basque country and Madrid (N = 2, T = 31,
NT = 62). For comparison, we initially estimate the forward causal ‘infeasible’ model of log GDP
per capita (controlling for log investments Inv similar to Abadie & Gardeazabal 2003) using a TWFE
estimator with a known intervention of Basque terrorism to provide a baseline relative to our break

4For completeness we also show that a simple time series model of Basque GDP per capita is unable to identify ETA
terrorism impacts due to the lack of control groups – see Supplementary Material 6.3).
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detection approach. We then demonstrate that we can directly detect the terrorism ‘treatment’ without
prior knowledge using our reverse causal approach.

As a baseline, consider a TWFE estimator with a ‘known’ intervention of ETA terrorism. We estimate
baseline models first allowing for time-varying treatment effects using interactions in (48), then assum-
ing time-invariant treatment effects in (49) specified as a dummy variable for the Basque region in the
‘post-treatment’ period, defined here as 1979 onwards, as Abadie & Gardeazabal (2003) found that the
impact of terrorism was notable in GDP per capita from the end of the 1970s.

‘Known’ Treatment (fully time-varying treatment effects):

log(GDPpci,t) = αi + ϕt +
1995∑

s=1979

diτs1{t=s} + β1log(Inv)i,t + ui,t (48)

where di = 1{i=Basque}

‘Known’ Treatment (time-constant treatment effects):

log(GDPpci,t) = αi + ϕt + di,tτ + β1log(Inv)i,t + ui,t (49)

where di,t = 1{i=Basque,t≥1979}

Estimation results for the ‘known’ baseline models are shown in Tables 1 and 2, under the columns
“Known TWFE”. The results of the known baseline show an approximate 5% reduction in GDP per
capita in the Basque country relative to Madrid in response to ETA terrorism in this simple two-region
model. This result is similar across the time-varying model (see equation 20) (where the estimated ATT
is given by the average of the impulse coefficients) as well as the piece-wise constant treatment effects
model (see equation 25). Specifically, the ATT across impulses in the known baseline in (48) is -0.0496
(se=0.0197), and the time-constant estimate given by the coefficient in (49) on the known step-function
is -0.0495 (se=0.006).

Now suppose the “treatment” of ETA terrorism in the Basque country was unknown, and we approached
the data with our reverse causal question of ‘what affected GDP per capita? We demonstrate how
treatment interventions can be detected without prior knowledge of their occurrence.

4.1.1 Unknown Treatment with Fully Time-Varying Effects

We now estimate a model allowing for the potential treatment of any unit at any point in time first
using impulse dummies capturing time-varying treatment and select over them using the ‘gets’ selection
algorithm (we consider the LASSO for the piece-wise constant setting below). The model is saturated
with a full set of impulse dummies in (50) which are selected over at a target level of significance γc.
We consider three different target significance levels, γc = 0.05 as well as 0.025 and 0.01 to illustrate
the impact of the calibration choice on treatment detection.

‘Unknown’ Treatment:

log(GDPpci,t) = ci + gt +
2∑

j=1

1995∑

s=1966

τj,s1{i=j,t=s} + β1log(Inv)i,t + ui,t (50)

The resulting detected impulses, which we interpret as unit-specific time-varying treatment effects, are
shown in Figure 2 (for γc = 0.05) and Table 1 (for all three values of γc). We detect the treatment of
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Basque terrorism without prior knowledge of its occurrence as individual impulses in the Basque region
from 1980 to 1990. Each coefficient provides an estimate of the unit- and time-specific treatment effect.
We can easily compute our estimates of the ATT by taking the mean of the impulses over time. Standard
errors for the ATT are also straight-forward to compute as impulses are orthogonal. Computing the ATT
over the time period from 1980 to 1990 from the model with γc = 0.05 yields an estimate of the ATT
of -0.059 (se=0.016) which is near identical (and not significantly different) to the known-treatment
baseline estimate of -0.0496 (se=0.0197). The fact that the ATT using detected impulses is marginally
larger than the known baseline ATT can be explained by the fact that the impulses are only retained up to
1990 while the ‘known’ baseline time-varying treatment considers treatment effects up until the end of
the sample in 1995. Indeed, we only detect treatment breaks up until 1990, suggesting that the impacts
of ETA terrorism on GDP were transitory and no longer detectable post-1990. This is consistent with the
known-treatment baseline which finds predominantly insignificant time-varying treatment effects after
1990.

Varying γc, we successfully detect the intervention at relatively loose levels of significance γc = 0.05

or γc = 0.025. The loss of power for more conservative levels of the target false positive rate becomes
apparent when we set γc = 0.01, where we do not detect any treatment as impulse dummies coinciding
with ETA terrorism. However, this reduction in power can be tackled by specifying piece-wise constant
treatment effects using step functions as we demonstrate in the following section 4.1.2. Note that in this
N=2 panel, the treatment effects are relative to the single control region and one could achieve the same
detected treatment if Basque country was selected as the ‘control’, in which case the treatment effects
would be detected for Madrid and opposite-signed. We would then interpret them as the effect of the
absence of terrorism.

Basque Country(PaisVasco) Madrid

1970 1980 1990 1970 1980 1990

1.8

1.9
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2.1

2.2
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1.7

1.8

1.9
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2.1

2.2

Detecting Treatment Assignment and Timing without Prior Knowledge
Allowing for fully time-varying treatment effects

Observed

Model Fit

Detected Impulses 
(time-varying 

treatment e�ects)

ETA E�ect (-) detected 
without prior knowledge

No Treatment Detected in Madrid (Control Region)

Detected non-zero treatment e�ects

Detected ATT 
1980-1990:  

-0.059 (se=0.016)

Figure 2: TWFE Panel: GDP per Capita, Basque Country & Madrid – Time-Varying Treatment detected
using IIS in ‘gets’ for a target significance level of γc = 0.05. Red vertical lines denote detected impulses
(identifying time-varying treatment effects).
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Table 1: Detecting Fully-Time-Varying Treatment: Two-Region Panel Model

Dependent Variable: log(GDPpc) (Basque & Madrid)
Unknown Treatment Known Treatment

Model: gets (γc = 0.05) gets (γc = 0.025) gets (γc = 0.01) ‘Known’ TWFE

Variables
log(Invest) 0.1048∗∗∗ 0.0777∗ -0.0234 -0.0638

(0.0329) (0.0376) (0.0534) (0.0563)
τ : i=Basq.,t=1965 -0.0657∗∗∗ -0.0559∗∗∗ -0.0156

(0.0163) (0.0193) (0.0320)
τ : i=Basq.,t=1966 -0.0352∗∗

(0.0151)

τ : i=Basq.,t=1979 -0.0348
(0.0213)

τ : i=Basq.,t=1980 -0.0514∗∗∗ -0.0463∗∗ -0.0474∗∗

(0.0143) (0.0173) (0.0183)
τ : i=Basq.,t=1981 -0.0859∗∗∗ -0.0783∗∗∗ -0.0664∗∗∗

(0.0151) (0.0181) (0.0189)
τ : i=Basq.,t=1982 -0.0661∗∗∗ -0.0622∗∗∗ -0.0699∗∗∗

(0.0142) (0.0172) (0.0185)
τ : i=Basq.,t=1983 -0.0679∗∗∗ -0.0621∗∗∗ -0.0598∗∗∗

(0.0145) (0.0175) (0.0183)
τ : i=Basq.,t=1984 -0.0743∗∗∗ -0.0652∗∗∗ -0.0455∗∗

(0.0158) (0.0189) (0.0199)
τ : i=Basq.,t=1985 -0.0630∗∗∗ -0.0549∗∗∗ -0.0401∗

(0.0154) (0.0184) (0.0193)
τ : i=Basq.,t=1986 -0.0615∗∗∗ -0.0557∗∗∗ -0.0530∗∗

(0.0145) (0.0175) (0.0183)
τ : i=Basq.,t=1987 -0.0514∗∗∗ -0.0492∗∗ -0.0655∗∗∗

(0.0142) (0.0173) (0.0194)
τ : i=Basq.,t=1988 -0.0475∗∗∗ -0.0456∗∗ -0.0632∗∗∗

(0.0142) (0.0173) (0.0196)
τ : i=Basq.,t=1989 -0.0483∗∗∗ -0.0451∗∗ -0.0561∗∗

(0.0142) (0.0172) (0.0188)
τ : i=Basq.,t=1990 -0.0342∗∗ -0.0395∗

(0.0142) (0.0186)
τ : i=Basq.,t=1991 -0.0328

(0.0200)
τ : i=Basq.,t=1992 -0.0354∗

(0.0194)
τ : i=Basq.,t=1993 -0.0443∗

(0.0207)
τ : i=Basq.,t=1994 -0.0332

(0.0237)
τ : i=Basq.,t=1995 -0.0046

(0.0214)

Fixed-effects
Region Yes Yes Yes Yes
Year Yes Yes Yes Yes

Fit statistics
Observations N=2, T=31 N=2, T=31 N=2, T=31 N=2, T=31
Within R2 0.87 0.79 0.023 0.84

Standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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4.1.2 Unknown Treatment with Piece-Wise Constant Effects

Treatment effects may be piece-wise constant and thus detected with greater likelihood (due to the higher
power of step-functions). To illustrate this, we estimate a TWFE panel (51) saturated with a full set of
step-functions denoting potential treatment in either region (Basque or Madrid) at any point in time:

‘Unknown’ Treatment:

log(GDPpci,t) = ci + gt +
2∑

j=1

1995∑

s=1966

τj,s1{i=j,t≥s} + β1log(Inv)i,t + ϵi,t (51)

We select over treatment functions using ‘gets’ at two target levels of γc = 0.001 and γc = 0.01 as
well as using the adaptive LASSO where we penalise the possible treatment coefficients τ , with penalty
weights chosen using the simple LASSO as an initial estimator, and the tuning parameter selected using
cross-validation.

Table 2 and Figure 3 shows the results of break detection. The adaptive LASSO estimates are reported
using the ‘naive’ approach of re-estimating the selected model using OLS (see e.g. Zhao et al., 2021).
Detecting treatment using ‘gets’ at γc = 0.001 results in a single treatment indicator being retained
for the Basque Country from 1979 onwards. The resulting selected model is identical (in absence of
any bias-correction due to selection) to the TWFE estimator with known treatment intervention im-
posed, with the estimated coefficient on the retained break variable of -0.0496 (se=0.0197) matching
the estimated treatment effect in the TWFE difference-in-differences model. In other words – with-
out knowing that treatment occurred – we are able to detect the treatment intervention and estimate
a model effectively identical to the known intervention panel. Similarly, the adaptive LASSO is able
to identify treatment (detecting a negative intervention in Basque country in 1980), with the estimated
‘naive’ post-LASSO treatment effect near identical to the ‘known’ imposed intervention in 1979. The
adaptive LASSO further detects additional earlier breaks which is unsurprising as it can be often less
conservative than ‘gets’ with low levels of γc. Relaxing the target level of γc to a less conservative level
of 0.01 results in additional breaks being detected which can be interpreted as time-varying treatment
effects: the negative break in 1981 suggests that the initial impact of ETA terrorism became larger in the
early 1980s, however, the opposite-signed break in 1990 provides evidence of the transitory nature of
the impact. Consistent with our results from the fully-time-varying specification (and known baseline),
treatment effects post-1990 are closer to zero (see section 4.1.1).

Overall, both ‘gets’ and the adaptive LASSO implementation of our proposed break detection approach
detect the ‘treatment’ without prior knowledge of its occurrence. Break detection estimates to detect
treatment suggest a roughly 5% reduction in GDP per capita in response to terrorism in the Basque
region relative to Madrid as the control region, which is identical to the known intervention TWFE
estimator. Further, it is worth noting that the break detection approach suggests a reduction in GDP per
capita from around 1979/1980 onwards, which is consistent with Abadie and Gardeazabal’s finding that
GDP per capita reductions occurred with a lag relative to the onset of terrorism in the mid 1970s.

Thus, not only are we able to detect treatment without prior knowledge on which regions were treated
and when treatment occurred, but the estimated break dates also provide insights into the lagged onset
of the economic impacts of terrorism.
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Figure 3: TWFE Panel: GDP per Capita, Basque Country & Madrid – Treatment detected using SIS in
‘gets’ at γc = 0.001. Red vertical lines denote detected step-shifts (identifying treatment effects).
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Table 2: Detecting Piece-Wise Constant Treatment: Two-Region Panel Model

Dependent Variable: log(GDPpc) (Basque & Madrid)
Unknown Treatment Known Treatment

Model: gets (γc = 0.001) gets (γc = 0.01) Adapt. LASSO ‘Known’ TWFE

Variables
log(Invest) -0.1065∗∗∗ -0.0540∗ -0.0624∗ -0.1065∗∗∗

(0.0294) (0.0314) (0.0320) (0.0294)
τ : Break (i=Basq, t ≥ 1966) 0.0324

(0.0190)

τ : Known ETA (i=Basq, t ≥ 1979) -0.0495∗∗∗

(0.0063)
τ : Break (i=Basq, t ≥1979) -0.0495∗∗∗ -0.0401∗∗∗

(0.0063) (0.0115)
τ : Break (i=Basq, t ≥1980) -0.0471∗∗∗

(0.0065)
τ : Break (i=Basq, t ≥1981) -0.0176

(0.0119)
τ : Break (i=Basq, t ≥1990) 0.0277∗∗∗

(0.0092)

Fixed-effects
Region Yes Yes Yes Yes
Year Yes Yes Yes Yes

Fit statistics
Observations N=2, T=31 N=2, T=31 N=2, T=31 N=2, T=31
Within R2 0.69 0.77 0.671 0.69

Standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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4.2 Detecting Treatment in a Panel with Multiple Regions

We repeat the above analysis for a panel covering all of mainland Spain using ‘gets’. We now include
all N = 15 regions of mainland Spain over T = 31 years (for a total sample size of NT = 465). Just as
before, we compare the detected treatment in this larger panel to the benchmark of a known intervention
by imposing the ‘treatment’ as a dummy variable for the Basque region from 1979 onwards in a TWFE
estimator. The ‘known treatment’ baseline yields an estimated treatment effect of -0.155 (se=0.018)
relative to the control regions in wider Spain (see Table 3).5

Our break detection results using gets at γc = 0.001 show that even in this more general setting we
are able to detect the treatment of ETA terrorism through the impacts on GDP in the Basque Country
without prior knowledge of its occurrence (see Figure 4 and Table 3). The ETA treatment is detected
in 1978 (close to the imposed intervention in the known TWFE estimator in 1979) with an estimated
treatment effect of -0.156 (se=0.012) which is near identical to the ‘known treatment’ benchmark.

In addition to the ETA break in 1978, we also detect a small number of possible treatment effects through
breaks in the fixed effects of other regions.6 It is worth noting though that the break associated with the
ETA ‘treatment’ is the single largest break in magnitude compared to all detected breaks. Given the set
of detected effects (captured through breaks) for some of the regions, the next step of our approach (see
section 3.3) is to investigate the relevant literature for potential causes.

A brief review of the literature on Spanish economic history suggests that the positive breaks (i.e. pos-
itive treatment effects on GDP per capita) in Extremadura, Galicia, and Rioja, may correspond to the
increased autonomy of the regions awarded in the post-Franco era. The negative break in Madrid in 1970
coincides with an industrial crisis that hit Madrid disproportionally relative to other regions (Rodrı́guez-
Pose & Hardy 2021, and Tobı́o 1989).

The fact that ex-post attribution is not always straight forward is highlighted by the fact that we have yet
to identify likely causes for the positive break in Castilla-La Mancha in 1972 (though it is worth noting
that the film adaptation of the highly popular musical “Man of la Mancha” was released in that year),
and the negative breaks in Asturias (in 1986) and Madrid (in 1990).

5This estimate in the known benchmark and the detected break setting is larger than the two-region panel because the
control group is different. The two-region panel only included Madrid as a control region)

6To control for outlying observations we also combine our selection over step functions with selection over impulse dum-
mies, where impulses could capture outliers or can also be interpreted as single-period time-varying treatment indicators. Only
a single outlying observation is identified: Madrid, 1965.
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Table 3: Detecting Piece-Wise Constant Treatment: 15-Region Panel Model

Dependent Variable: log(GDPpc)
Unknown Treatment Known Treatment

Model: gets (γc = 0.0001) ‘Known’ TWFE

Variables
log(Invest) 0.1171∗∗∗ 0.1377∗∗∗

(0.0121) (0.0175)

τ : Break (i=Basq, t ≥1978) -0.1560∗∗∗

(0.0120)
τ : Known ETA (i=Basq, t ≥1979) -0.1553∗∗∗

(0.0182)

τ : Break: (i=Castilla-La Mancha, t ≥ 1972) 0.1169∗∗∗

(0.0143)
τ : Break: (i=Extremadura, t ≥ 1987) 0.1350∗∗∗

(0.0127)
τ : Break: (i=Galicia, t ≥ 1976) 0.0980∗∗∗

(0.0121)
τ : Break: (i=Madrid, t ≥ 1970) -0.1256∗∗∗

(0.0176)
τ : Break: (i=Madrid, t ≥ 1990) -0.0903∗∗∗

(0.0150)
τ : Break: (i=Princip. De Asturias, t ≥ 1986) -0.1220∗∗∗

(0.0123)
τ : Break: (i=La Rioja, t ≥ 1981) 0.0796∗∗∗

(0.0117)
τ : Impulse: (i=Madrid, t = 1965) 0.0914∗∗

(0.0356)

Fixed-effects
Region Yes Yes
Year Yes Yes

Observations N=15, T=31, NT=465 N=15, T=31, NT=465
Within R2 0.71 0.29

Standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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5 Conclusion

We operationalise the modelling of reverse causal questions by searching for structural breaks in fixed
effects panel models identifying previously unknown treatment effects which can subsequently be at-
tributed to potential causes. We show that the two-way fixed effects estimator, which identifies heteroge-
neous treatment effects through interactions, can be nested as a special case of impulse- or step-dummy
saturated models – a subset of which identifies underlying treatment effects.

We demonstrate the feasibility of detecting previously unknown treatment assignment and timing by us-
ing two machine learning methods suitable for selection over more candidate variables than observations
(gets and the adaptive LASSO).

Our application to the economic impacts of terrorism in Spain demonstrates that we can detect the
effects of ‘treatment’ (taking the form of terrorist activity) on GDP per capita without prior knowledge
of its occurrence. The estimated treatment effects, when the assignment of treatment and its timing is
unknown are near identical to imposing the same treatment as a known intervention a-priori. More
broadly, our proposed approach is modular and allows for the detection of structural breaks in fixed
effects panels with flexible choices for the machine learning algorithms employed. Crucially, using
machine learning this allows for the detection of effective policies without prior knowledge of their
occurrence or effectiveness. When using gets or the adaptive LASSO, the approach can be readily
applied using our freely-available open-source R-packages ‘gets’ and ‘getspanel’.
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Although ever more countries commit to net-zero green-
house gas emissions, it remains unclear how to achieve 
them. Canada, the European Union, Japan, New Zealand 

and the United Kingdom have passed net-zero emissions targets 
into law while others such as China and the United States made 
similar pledges in official policy documents1. As a major emitter, the 
transportation sector is indispensable for achieving net-zero emis-
sions. Globally, it emitted nearly 8.5 Gt CO2 in 2019 or one-quarter 
of all GHG emissions, while the International Energy Agency sug-
gests that annual global sector emissions need to fall below 1 Gt CO2 
by 2050 to reach net-zero overall emissions1. So far, the sector  
has proven resilient to emissions reduction efforts, especially in 
road transport2.

The question how to best achieve net-zero emission targets trig-
gers fierce policy debates about the appropriate means as exempli-
fied in the context of the European Green Deal. To become the first 
climate-neutral continent by 2050, the European Union is currently 
revising its climate, energy and transport-related legislation under 
the so-called ‘Fit-for-55 package’. One building block is the ambi-
tious increase of EU member states’ emissions reduction targets for 
2030 from 30% to 40% compared with 2005 under the EU Effort 
Sharing Regulation (ESR). Under the ESR, each EU member state 
must meet binding annual emissions reduction targets for the agri-
culture, buildings and transport sectors by implementing national 
policies. Yet, according to the latest national projections available, 
most EU members will miss their targets pursuing current policy 
instruments. For transport specifically, emissions under the exist-
ing policies are projected to be at nearly the same level in 2030 as 
they were in 20203,4. Thus, the ESR exerts considerable pressure 
on EU Member States to strengthen climate policies in transport. 
Policymakers have to choose from myriads of promising policies 
to achieve emissions reductions. There is a controversial policy 
discussion about whether the ambitious climate targets are best 
achieved by using a policy mix that emphasizes tax policies, such 
as carbon taxes, or green spending, such as electric vehicle subsi-

dies, or command-and-control measures, such as speed limits and  
efficiency labels5,6.

There remains substantial empirical uncertainty around which 
policy mixes are effective in actually achieving the objective they 
were designed for. Part of this uncertainty remains because empiri-
cal policy evaluation in the existing literature predominantly focuses 
on evaluating single, known interventions in isolation by posing the 
forward causal question of what happens as a consequence of a par-
ticular policy7–10. This ‘effects of causes’ approach11 runs the risk of 
missing a priori unknown or underappreciated interventions. It also 
requires a context that allows for isolating a single policy’s effects 
from simultaneously implemented and potentially confounding 
ones. Such contexts are rare because policymakers routinely legis-
late mixes of many interventions simultaneously2,12. When having to 
choose from many interacting available policy interventions, it can, 
however, be more intuitive to ask a reverse causal question looking 
for ‘causes of effects’11 to find what caused reductions in emissions 
(rather than whether a single policy is effective). Such a question 
is highly relevant to identify either unknown but effective policies 
or, more importantly, effective mixes of interacting policy interven-
tions. However, in terms of technical implementation, it is less obvi-
ous how this kind of question may be tackled.

Here we introduce an approach to implement and answer the 
reverse causal question of ‘What reduced CO2 emissions?’ in the 
EU road transport sector between 1995 and 2018 by first detect-
ing substantial changes in emissions relative to a control group 
using machine learning and subsequently attributing them to likely 
causes such as single or interacting policy interventions. Because 
detection is separate from policy attribution, our approach neither 
requires any a priori knowledge of reductions in emissions, nor does 
it require a priori knowledge of the number of policies that caused 
these. Therefore, we are able to identify previously unknown poli-
cies or policy mixes that effectively reduce CO2 emissions. While 
the EU transport sector is a policy-relevant test bed, our approach is 
readily applicable in many other contexts.

Attributing agnostically detected large reductions 
in road CO2 emissions to policy mixes
Nicolas Koch   1,2,3 ✉, Lennard Naumann   1,4, Felix Pretis5,6, Nolan Ritter1,2 and Moritz Schwarz6,7

Policymakers combine many different policy tools to achieve emission reductions. However, there remains substantial uncer-
tainty around which mixes of policies are effective. This uncertainty stems from the predominant focus of ex post policy evalu-
ation on isolating effects of single, known policies. Here we introduce an approach to identify effective policy interventions in 
the EU road transport sector by detecting treatment effects as structural breaks in CO2 emissions that can potentially occur 
in any country at any point in time from any number of a priori unknown policies. This search for ‘causes of effects’ within a 
statistical framework allows us to draw systematic inference on the effectiveness of policy mixes. We detect ten successful 
policy interventions that reduced emissions between 8% and 26%. The most successful policy mixes combine carbon or fuel 
taxes with green vehicle incentives and highlight that emissions reductions on a magnitude that matches the EU zero emission 
targets are possible.
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We produce three key findings. First, we detect ten successful pol-
icy interventions that reduced emissions between 8% and 26%. We 
link all these reductions to at least one tax that increases driving costs; 
we link seven breaks to carbon taxes, four breaks to fuel taxes and 
three to road tolls. Second, we link eight of the ten breaks to policy 
mixes that combine the aforementioned taxes with either CO2-based 
vehicle taxes or subsidies for low-emissions vehicles. Third, we link 
the breaks with the highest level of confidence and the greatest effect 
sizes of up to 26% to increases of existing but moderate carbon or 
fuel taxes. Altogether, the ten policy interventions we identified 
between 1995 and 2018 reduced emissions in the EU-15 (Austria, 
Belgium, Denmark, Finland, France, Germany, Greece, Ireland, 
Italy, Luxembourg, Netherlands, Portugal, Spain, Sweden, United 
Kingdom) by up to 35.9 Mt CO2. In comparison, the current ESR 
requires a reduction of 480 Mt CO2 for the same region between 2021 
and 2030. Even if we conservatively assume that agriculture, buildings 
and transport contribute in equal measure to these reductions, the 
transport policies implemented to date seem rather inadequate—even 
more so when we account for the imminent tightening of the ESR 
targets proposed in the EU’s Fit-For-55 package. At the same time, the 
relative reductions of up to 26% for certain breaks indicate consider-
able potential for future reductions. The most successful intervention 

implemented in Finland in 2000 (−17%), Sweden in 2001 (−11%), 
Ireland in 2011 (−13%) and Luxembourg in 2015 (−26%) combine 
increasing carbon or fuel taxes to curb mileage with complementary 
financial incentives to support the transition to greener vehicles.

Using break detection to assess policies
Existing ex post policy evaluations predominantly focus on the for-
ward causal question of ‘What happens as a consequence of a par-
ticular known policy?’ It is reasonably straightforward to evaluate 
these with time-tested, quasi-experimental tools from programme 
evaluation, ranging from difference-in-differences13,14 and match-
ing15 to synthetic control methods9,10,16. However, drawing systematic 
inference is difficult because the available evidence is scattered across 
countries and policies and because the study of ‘effects of causes’ runs 
the risk of missing effective but unknown interventions or those 
falsely deemed ineffective. Moreover, the forward causal approach 
needs to ensure that treatments are independent and unconfounded, 
which is challenging because policymakers routinely implement 
mixes of many simultaneous interventions with common goals.

It is less obvious how to answer reverse causal questions such 
as ‘What has reduced emissions?’. As Gelman and Imbens11 put it: 
‘Reverse causal reasoning is different; it involves asking questions  
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and searching for new variables that might not yet even be in our 
model.’ We formalize this approach by expanding on the idea of 
‘searching for new variables’ and placing reverse causal analysis 
into the domain of variable selection, and more specifically break 
detection. We tackle the question of ‘What reduced emissions?’ by 
identifying notable reductions in CO2 emissions, which we identify 
as structural breaks. We use familiar two-way fixed effects (TWFE) 
panel estimators to detect these breaks and estimate a separate treat-
ment effect for each identified break in each country (Methods and 
refs. 17,18 for the relevant R package ‘getspanel’). Our approach iden-
tifies country- and time-specific treatment effects on the treated by 
detecting breaks for each policy and treated country. It reveals when 
an emissions break occurs within an approximate margin of error. 
Any policy implemented within this margin potentially caused the 
break. We place no restriction on the number of potential treatments 
nor do we impose a minimum break (that is, treatment) length.  
A causal interpretation rests on the assumption that there were no 
other influencing factors than the attributed policies themselves.

The idea of scrutinizing data for structural breaks is firmly estab-
lished in the time series literature on policy evaluation (for exam-
ple, ref. 19 on the Montreal Protocol, ref. 20 on UK CO2 emissions 
or ref. 21 on homicides). However, time series methods lack control 
groups, making causal interpretations difficult. The combination of 
conservative significance levels (to control the false positive rate of 
detection) and the use of control groups in the panel setting give the 
reverse causal approach credibility and reduces the risk of spuri-
ously identifying false positive results. We propose the approach to 
complement the traditional forward causal analysis. While the lat-
ter excels at recovering causal effects of known individual policies, 
the proposed reverse causal approach simplifies the identification of 
efficient mixes of policies with large effects that may not have been 
known a priori.

Specifically, we model the log of CO2 emissions (Fig. 1) as a func-
tion of log gross domestic product (GDP) and log population and 
allow for potential breaks in emissions in any country at any point 
in time that are captured by ‘indicators’: interactions of country and 
year fixed effects. Altogether, with an EU-15 sample and 23 time 
periods, the maximum number of 345 potential treatments exceeds 
the number of observations. However, countries are treated sparsely 
so that most indicators are statistically insignificant. We rely on 
machine learning to remove all but the significant ones (Methods). 
Those remaining show treatments that significantly reduced 
country-specific CO2 emissions relative to a control group condi-
tional on log GDP and log population. It is important to emphasize 
that these breaks are detected relative to the specified model condi-
tional on the control variables. For example, unconditional visual 
inspection of Fig. 1 might suggest a break in Greece’s CO2 emissions 
around 2009. However, the visual ‘break’ in Greek emissions could 
be explained by the drop in economic activity due to Greece’s sov-
ereign debt crisis. Once we condition on GDP (by including it as a 
control variable), there is no unexpected change in emissions (and 
thus no break detected), as emissions were falling in line with GDP.

Having identified a series of breaks, we subsequently attribute 
the significant indicators to policies and disregard those that show 
increases for this paper. We construct approximate confidence 
intervals around an indicator’s timing to accommodate for uncer-
tainty. These may be as short as a single year or may span several. 
Then, we search for policies implemented in these confidence 
intervals (Methods). In the rare event that an interval incorporates 
only a single policy intervention, attribution is made with respect 
to a single policy. Otherwise, attribution is made for a policy mix. 
Attribution using this approach is no different from arguing that a 
known intervention is exogenous or as-if random when addressing 
forward causal questions (discussion in Supplementary Note 1).
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The combination of European Union-wide, technological stan-
dards but largely diverse national policies across EU member states 
provides an ideal test bed to learn about effective policy mixes. EU 
CO2 efficiency standards for new vehicles have been in place since 
1998 and they became mandatory for each EU member state in 2009. 

In contrast, tax policies, which are the main instruments to achieve 
national ESR targets, and command-and-control measures vary 
considerably across member states and time. Prime examples are 
frequent changes in fuel taxes, the introduction of carbon taxes and 
road tolls. Moreover, several changes of CO2-based vehicle taxation 

Table 1 | Detected breaks, break dates and magnitudes

Country Model

1 2 3 4 5 6

EU-15 EU-15 EU-15 EU-31 EU-31 EU-31

Significance level in break detection 5% 1% 0.1% 5% 1% 0.1%

Denmark Effect −0.080

SE (0.020)

Year 2012

95% CI ± 6

Finland Effect −0.103 −0.123 −0.128 −0.156 −0.171

SE (0.020) (0.022) (0.024) (0.024) (0.028)

Year 2000 2000 2000 2000 2000

95% CI ± 2 ± 2 ± 2 ± 1 ± 2

Germany Effect −0.105 −0.131 −0.108 −0.112 −0.112

SE (0.018) (0.020) (0.022) (0.021) (0.025)

Year 2002 2002 2002 2003 2003

95% CI ± 2 ± 1 ± 3 ± 3 ± 4

Ireland Effect −0.087 −0.127

(1st break) SE (0.020) (0.023)

Year 2011 2011

95% CI ± 3 ± 2

Ireland Effect −0.148 −0.192 −0.247 −0.244 −0.229

(2nd break) SE (0.028) (0.028) (0.030) (0.034) (0.037)

Year 2015 2015 2015 2015 2015

95% CI ± 1 ± 1 ± 0 ± 1 ± 1

Luxembourg Effect −0.136 −0.108

(1st break) SE (0.024) (0.031)

Year 2007 2007

95% CI ± 1 ± 3

Luxembourg Effect −0.214 −0.193 −0.227 −0.262

(2nd break) SE (0.031) (0.030) (0.035) (0.038)

Year 2015 2015 2015 2015

95% CI ± 1 ± 1 ± 1 ± 1

Portugal Effect −0.094

SE (0.021)

Year 2011

95% CI ± 4

Sweden Effect −0.095 −0.103 −0.110

(1st break) SE (0.017) (0.019) (0.022)

Year 2001 2001 2001

95% CI ± 2 ± 2 ± 3

Sweden Effect −0.108 −0.115

(2nd break) SE (0.019) (0.022)

Year 2006 2006

95% CI ± 3 ± 4

This table shows treatment effects on CO2 emissions, standard errors (SE), the year of the break and its half interval. CI, confidence interval. All treatment effects are statistically significant at the 0.1% level.
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intended to nudge consumers to buy more fuel efficient vehicles. In 
addition, the introduction of tax credits and purchase subsidies for 
electric vehicles and alternative fuels have been popular policies to 
increase demand for new technologies. Speed limits, biofuel obliga-
tions and efficiency labels exemplify varying command-and-control 
measures across countries and time.

Policy mixes that effectively reduced emissions
We estimate reductions in emissions for the EU-15 members using 
either a sample of (i) EU-15 members or (ii) EU-31 members, which 
includes Norway, Iceland, Switzerland and the United Kingdom 
because they were part of the European Single Market and subject 
to harmonized regulations. The intuition for a second sample is that 
it increases the credibility of breaks that are consistently detected 
across both. We investigate the choice of three target levels of sig-
nificance for detecting treatments. The target levels of 5%, 1% or 
0.1% specify the expected false positive rate of the break detection 
(Methods). The combination of two samples and three target levels 
leads to a total of six different models.

Figure 2 shows that only ten of the 345 potential treatments 
across all countries, years and models are significant. The greater 
the diameter of a circle indicating a break point, the smaller the 
level of significance at which it is found in any of the models. The 
darker its colour, the higher the magnitude of its effect. Table 1 
presents detailed results. Altogether, the ten reductions in CO2 

emissions are from seven different countries. Figure 3 shows these 
relative to the estimated counterfactual (plotted in red for three 
years following each break date) given by log(CO2) in absence of 
the estimated breaks (estimated as coefficients on the detected 
break variables). We show the estimated counterfactuals at the 
estimated break dates (shown as grey vertical lines); however, 
there is uncertainty around the break dates (shown as grey shad-
ing), thus the counterfactuals may visually appear steeper and 
more sudden than the actual true underlying (albeit unknown) 
policy effects.

Altogether, we identify six of the ten reductions at a target sig-
nificance level (and thus expected false positive rate) of 0.1%  
(Fig. 2). We regard this rate as the most important criterion in break 
detection to control the level of confidence we require for a policy 
to be identified. With a rate of 0.1%, we set a very high bar to dispel 
any lingering doubts that our findings may be driven by spurious 
false positives. Second, the more models that detect an intervention, 
the more confident we are of identifying a break. For instance, we 
find that five of our six models indicate breaks for Finland in 2000, 
for Germany in 2002/2003 and for Ireland in 2015 (Table 1). We 
detect that six out of our ten breaks occur in both the EU-15 and 
the EU-31 sample. Finally, we consider the stability of our estimated 
effects across models as a third criterion of robustness (Table 1). 
For instance, for Luxembourg, the coefficients vary between −0.193 
and −0.262.
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Taking the coefficients with the highest magnitude of relative 
emissions reductions (in %) and the emissions level (in Mt CO2) 
in a given country at the time of the identified break indicates that 
the breaks we identified between 1995 and 2018 accounted for total 
emissions reductions of up to 35.9 Mt CO2. In comparison, the cur-
rent ESR requires a 30% reduction until 2030 compared with 2005 
levels in the sectors that are not subject to EU emissions trading, 
that is, agriculture, buildings and transport. This target translates 
into absolute emissions reductions of about 480 Mt CO2 in the 
EU-15 member states between 2021 and 2030. If we conservatively 
assume that each sector contributes in equal measure, the magni-
tude achieved by past transport policies seem inadequate—even 
more so when we account for the imminent tightening of the ESR 
targets to a reduction of 40% relative to 2005 emissions under the 

proposed revision of the ESR under the ‘Fit-For-55’ policy pack-
age. At the same time, the magnitude of three of the ten detected 
breaks exceeds 17%, which indicates considerable potential for 
future reductions.

Post-estimation, we can now attribute effects to their likely 
causes (Table 2) by matching policies with the break points’ con-
fidence intervals. Attribution reveals that many interventions are 
applied simultaneously often by one legislative package.

For example, we attribute the break point in Luxembourg’s emis-
sions around 2007 (99% CI: ± 1 year) to three potential policies: a 
CO2-based vehicle tax reform in 2006, a subsidy scheme for fuel 
efficient cars in 2007 and a 0.02€ per liter fuel tax increase in 2007 
(‘Kyoto Cents’). The two breakpoints in Sweden occur in 2001 (99% 
CI: ± 2–3years) and 2006 (99% CI: ± 3–4years). These correspond 

Table 2 | Attribution of detected breaks to policies

Country Year Policy

Denmark 2012 2008: Carbon tax increase from 13€ t−1 CO2e to 23€ t−1 CO2e

2010: ‘Green ownership tax’ replaces weight-based taxes for light commercial vehicles

2010: Vehicle tax increase for cars without particle filters

Finland 2000 1996–1999: Carbon tax increases from 2.3€ t−1 CO2e in 1996 to 18€ in 1999

2001: Car ownership tax base changed from total mass to CO2 emissions

Germany 2002/2003 1999–2003: ‘Ecological Tax Reform’ increases motor fuel tax annually by 0.0307€ l−1 over five years

2001: Harmonization of commuter tax deduction between transport modes

2004: Mandatory fuel efficiency labelling for passenger vehicles

2005: Road tolls for trucks (originally planned for 2003)

Ireland 2011 2008: Vehicle registration tax base and annual motor tax base shifts from engine size to CO2 emissions

2009: Tax incentives for purchase of bicycles for commuting of up to 1,000€

2009: Electric vehicle subsidy scheme and vehicle registration tax relief

2010: Introduction of a 15€ t−1 CO2e carbon tax

2010: Biofuel obligations require blending 4% (6%) biofuels in 2010 (2013)

Ireland 2015 2014: Carbon tax increase to 20€

Luxembourg 2007 2007: Vehicle tax reform based on CO2 emissions

2007: Subsidy for purchase of energy efficient vehicles of 750€

2007–2008: ‘Kyoto Cents’ law raises fuel tax by 0.02€ l−1 for gasoline and 0.025€ l−1 for diesel

Luxembourg 2015 2013–2014: Subsidies for electric vehicles and vehicles with < 60g km−1 CO2

2015: VAT raise from 15% to 17% increases tax burden of fuelling and buying vehicles

Portugal 2011 2007: Vehicle ownership tax reform based on CO2 emissions

2008: Increase of fuel tax by about 0.025€ l−1

2010: Financial incentives to purchase electric vehicles

2012: Introduction of nationwide road tolls on motorways and trunk roads

2015: Introduction of a 5€ t−1 CO2e carbon tax

Sweden 2001 2001–2006: ‘Green Tax Shift’

(i) Carbon tax increase from 40€ in 2000 to 57€ in 2001 to 100€ in 2006

(ii) Exemptions for biofuels from energy and carbon taxation since 2002

(iii) Tax benefits for green company cars since 2002

Sweden 2006 2001–2006: ‘Green Tax Shift’

(i) Carbon tax increase from 57€ t−1 CO2e in 2001 to 100€ in 2006

(ii) Exemptions for biofuels from energy and carbon taxation since 2002

(iii) Tax benefits for green company cars since 2002

2005: Pump Act mandates fuel stations to supply biofuel

2006: Introduction of congestion charges in Stockholm

2007–2009: Subsidy of up to 1,000€ for eco-friendly vehicles

2008–2009: Carbon tax increase from 100€ t−1 CO2e in 2006 to 110€ in 2008 to 114€ in 2009
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to carbon tax increases implemented in 2001 and tightened annu-
ally through 2006. In particular, in 2001, Sweden raised CO2 taxes 
from 40€ to 57€ per ton and also introduced subsidies for biofuels 
and green company cars. Annually increasing CO2 taxes reached 
100€ per ton in 2006. The break in 2006 ( ± 3–4 years) also coin-
cides with the introduction of biofuel mandates, the implementa-
tion of road tolls in Stockholm in 2006, the introduction of subsidies 
for low-emission vehicles in 2007 and further carbon tax increases 
to 110€ in 2008 and 114€ in 2009, underlining the importance of 
considering policy mixes rather than individual policies, specifically 
as multiple detected breaks in a single country could also capture 
time-varying treatment effects through tightening emissions targets.

We continue by classifying the identified policies. We differenti-
ate between taxes on carbon, fuel or vehicles, road tolls, subsidies 
and command-and-control measures in Fig. 2. This helps to assess 
whether certain policies or mixes are superior. We produce four  
key findings.

First, we link all detected emissions reductions to at least one 
tax policy that increases the cost of driving; we link seven cases 
to carbon, four cases to fuel taxes and three cases to road tolls. 
Second, we link eight of the ten emissions breaks to policies that 
combine taxes that increase the cost of driving with reforms that 
emphasize CO2-based vehicle taxes (six cases) or subsidy schemes 
for low-emissions vehicles (six cases). For instance, we attribute the 
ten to 15% emissions reduction in Finland in 2000 to a combination 
of a carbon tax increase and switching to CO2-based vehicle taxes. 
Vehicle taxes and subsidies provide incentives to switch to more 
fuel efficient or zero emissions vehicles, in particular, if consumers 
either systematically underestimate or discount future savings from 
increased efficiency. Third, we link the breaks with the highest level 
of confidence and the greatest magnitude of effect (Finland 2000, 
Germany 2002/2003, Luxembourg 2015, Ireland 2015) to increases 
in existing but moderate carbon or fuel taxes.

Fourth, our finding that command-and-control measures relate 
only to three emissions breaks (mandatory efficiency labels in 
Germany and biofuel obligation schemes in Ireland and Sweden) 
potentially indicates that they either play a minor role in reducing 
CO2 emissions at the national level or that governments did not use 
them extensively. However, we caution against over-interpreting this 
finding because key command-and-control measures, such as effi-
ciency standards for new vehicles, are implemented at the EU level. 
We can detect measures only at the national level, which might be of 
limited impact. Moreover, our search for potential policy measures 
relies on databases that hardly include any public transport policies.

Finally, we note our approach’s limitations. One concern is that 
agnostic break detection runs the risk of not detecting real but less 
effective treatments. To address this concern, we use higher target 
levels of significance (that is, expected false positive rates) that allow 
identification of smaller and therefore more potential treatments 
(Fig. 2). As a further robustness check, we also searched our policy 
databases for carbon, fuel and road tax interventions that we do not 
detect (Table 3). Figure 4 compares all actually implemented car-
bon tax changes to the ones we detected. Overall, we detect all but 
two. The lack of evidence for any emission break in France despite 
its 2014 carbon tax introduction may be best explained by the fact 
that the initial tax of 7€ was offset by an equivalent reduction in the 
existing energy consumption tax22. Similarly, the lack of finding any 
effects for the 2011 carbon tax increase in Finland may be because 
of simultaneous reductions in the tax on engine power for cars and 
trucks that might have weakened its effect23. We do not find any 
major undetected toll increases except for one in Austria in 2004 
and the introduction of a vignette system in the United Kingdom 
in 2014. However, Table 3 shows that we do find a number of unde-
tected (sometimes transitory) changes in fuel taxes that exhibit a 
wide range of magnitudes. Potentially relevant but undetected fuel 
tax increases occur in Austria, Belgium, Italy, the Netherlands, 

Spain and the United Kingdom. The emissions effect of these tax 
changes is likely too small to be identified by our approach. We draw 
two conclusions from these robustness checks. First, we are more 
likely to detect large breaks and cannot detect effective policies that 
yield small reductions. Thus, our estimates for the effect sizes of our 
detected policy mixes provide a lower-bound estimate if countries 
in the control group also experienced smaller emissions reductions 
that we do not detect. Given the magnitude and urgency of the cli-
mate crisis and the ambitious EU climate targets, we believe a focus 
on interventions with large-scale effects is justified. Second, we 
caution against generalizing our results and using them as bench-
mark estimates for particular policy instruments or policy mixes. 
The provision of such benchmark estimates is an important policy 
question for future research that can be tackled by combining our 
proposed reverse causal approach with the standard forward causal 
approach (Supplementary Note 1 for a more detailed discussion).

Given that we detect breaks relative to a specified model con-
ditional on selected control variables, a related concern is that our 
model may be mis-specified and might lead to the detection of spuri-
ous breaks. However, Supplementary Tables 8–11 in Supplementary 
Note 3 show that our findings are generally robust to various alter-
native baseline model specifications (including new controls such 
as the share of urban population, nonlinear functional forms and 
linear country-specific time trends), especially based on our pre-
ferred EU-15 control group. There are two notable exceptions: 
(i) the break in Portugal, which already had weak support in our 
main Table 1 and, as expected with country-specific time trends, 
(ii) including time trends absorbs the two breaks in Sweden that 
indicate time-varying treatment effects from the Swedish climate 
policy package. In addition, a specification test suggested by Oster24 
shows that our results are robust with respect to omitted variable 
bias (Supplementary Table 12 in Supplementary Note 3).

Table 3 | Undetected carbon, fuel or road pricing policies

Country Year Undetected Policies

Austria 2004 Introduction of electronic network-wide 
road toll system for trucks (which 
increased costs compared with the 
previous vignette system)

Austria 2008 Increase of fuel tax by about 0.03€ l−1

Austria 2012 Increase of fuel tax by about 0.04€ l−1

Belgium 2006 Increase of fuel tax by about 0.08€ l−1

Belgium 2010 Increase of fuel tax by about 0.02€ l−1

Finland 2010–2012 Increase of carbon tax from about 20€ 
to about 60€ t−1 CO2e

France 2014 Introduction of a 7€ t−1 CO2e carbon tax

Greece 2008–2012 Gradual increase of fuel tax from about 
0.33€ l−1 in 2008 to 0.67€ l−1 in 2012

Italy 2006 Increase of fuel tax by about 0.02€ l−1

Italy 2012 Increase of fuel tax by about 0.14€ l−1

Netherlands 2005 Increase of fuel tax by about 0.04€ l−1 
(and subsequently annual increases by 
about 0.01–0.02€ l−1)

Spain 2010 Increase of fuel tax by about 0.065€ l−1

United Kingdom 2012 Increase of fuel tax by about 0.06€ l−1 
(back to tax level before 2010)

United Kingdom 2014 Introduction of road toll vignette system 
for trucks

Data from ACEA Tax Guide43, CESifo DICE Report44, World Bank’s Carbon Pricing Dashboard45 and 
country-specific sources specified therein.
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Another concern is that the estimated effects may not be gen-
eralizable because (i) we estimate country-specific effects for each 
intervention and (ii) we are more likely to detect large breaks.  
To partially address the latter concern, we report bias-adjusted 
coefficients that do not change the interpretation of our results in 
Supplementary Table 6 in Supplementary Note 3. The former con-
cern may be addressed by averaging over all identified and similar 
treatments to approximate the average treatment effect (in the spirit 
of ref. 25). But we do not seek to provide benchmark estimates for 
particular policy instruments here.

A final concern is that national policies may also affect neigh-
bouring countries. In particular, a fuel or carbon tax increase may 
cause fuel tourism in private consumers in the border region or 
cause firms to reroute their trucks for refuelling. To evaluate the 
potential bias from such spillovers, we exclude the two major transit 
countries with a low fuel tax regime, Austria and Luxembourg, from 
our sample to estimate our final model. Supplementary Table 7 in 
Supplementary Note 3 shows that we obtain very similar results in 
this restricted sample. Moreover, these concerns also apply to for-
ward causal analyses.

Conclusion
In this study, we propose a complementary approach to ex post 
policy evaluation. Instead of estimating the effect of a single, known 
cause on emissions, we seek to identify multiple, unknown causes of 
an emissions effect. As policymakers implement ever more climate 
policy packages to meet their obligations under the Paris Agreement 
or their own net-zero emissions targets, we believe our approach 
is policy relevant because it enables drawing systematic inference 
on the effectiveness of such policy mixes. We demonstrate this for 
the EU transport sector, which is a key bottleneck that impedes the 
European Union’s progress to achieve climate neutrality by 2050.

Our results show that relatively few policy interventions effec-
tively curbed CO2 emissions in road transport. We identify ten 
successful interventions with emissions reductions between 8% 

and 26% or 35.9 Mt CO2 between 1995 and 2018 and attribute all 
detected emissions reductions to policy mixes that comprise at least 
one tax policy intervention that increases the cost of driving. The 
fact that we detect nearly all carbon price interventions indicates 
that carbon pricing may be a critical element of effective policy 
packages. In addition, we attribute the vast majority of emissions 
reductions to policy mixes that combine carbon, fuel or road-use 
taxes with additional vehicle taxes or subsidies. The most successful 
examples of such combinations are policies implemented in Finland 
in 2000 (−17%) Sweden in 2001 (−11%), Ireland in 2011 (−13%) 
and Luxembourg in 2015 (−26%). Carbon, fuel or road-use taxes 
provide incentives to reduce mileage, yet they may not ensure that 
consumers invest in energy efficient vehicles if consumers are myo-
pic. This effect is known as the energy efficiency gap26. Vehicle taxes 
and subsidies can address myopic consumers and provide incen-
tives to adopt more fuel efficient vehicles. However, they suffer from 
the rebound effect that describes the unintended side effect that 
more efficient vehicles cost less to drive and, therefore, encourage 
additional mileage27. Our findings thus provide suggestive evidence 
that the combinations of policies that simultaneously address the 
energy efficiency gap and rebound effects are particularly effective. 
To check the robustness of this evidence based on country-specific 
effect estimates, future research may combine our proposed reverse 
causal approach with the standard forward causal approach to pro-
vide more systematic benchmark estimates for the effectiveness of 
particular policy mixes. Our findings are broadly in line with stud-
ies that use more structural modelling to evaluate policy mixes28,29 
and the literature suggesting that tax policies can address rebound 
effects30,31. Finally, we also show that the greatest emissions reduc-
tions occur when policymakers increase existing but moderate 
carbon or fuel taxes. This suggests that commitment to staggered, 
anticipated and permanent tax increases over time may be a strong 
determinant of emissions reductions.

Altogether, the ambitious country-specific emissions reduction 
targets under the EU effort sharing regulation require timely action. 

120

100

80

60

N
om

in
al

 c
ar

bo
n 

ta
x 

ra
te

 in
 E

ur
o

40

20

0

1996 1997 1998 1999 2000 2001 2002 2003 2004 2005
Year

2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018

Sweden

Portugal

Ireland

France

Finland

Denmark

Fig. 4 | Overview of implemented and detected carbon tax changes. Nominal carbon tax rates in € t−1 CO2 between 1995 and 2018 for all EU-15 countries 
with a carbon pricing scheme. We encircled relevant changes in carbon tax rates. A tick indicates that we detect the tax changes, while a cross indicates 
that we do not. Data from World Bank's Carbon Pricing Dashboard45 and country-specific sources specified therein.

Nature Energy | www.nature.com/natureenergy

147



Paper 5: Attributing agnostically detected large reductions in road CO2 emissions
to policy mixes

ArticlesNaTUrE EnErgy

We identified policy mixes with emissions reductions on a magni-
tude that matches the reduction requirements under the net-zero 
emissions target for seven EU countries. If policymakers in these 
countries focused on the policy mixes that have been effective in 
the past, we should expect stronger reductions in road transport 
emissions. Although policies are context-specific, we yet believe 
that policymakers in other EU countries may also learn from these 
successful interventions.

Methods
Data. The data for road transport CO2 emissions is from section 1A3b of the 
Emissions Database for Global Atmospheric Research (EDGAR) v5.0 (ref. 32). We 
retrieved GDP and data on population sizes from World Bank33,34. The dependent 
variable is the natural logarithm of CO2 emissions log(CO2). log(GDP), log(GDP)2 
and log(population) enter the model as control variables. Supplementary Table 
4 in Supplementary Note 3 shows that our findings are robust, if we restrict CO2 
emissions to passenger vehicles only (that is, section 1A3bi).

We analysed emissions break in the EU-15 member states (Austria, Belgium, 
Germany, Denmark, Spain, Finland, France, United Kingdom, Ireland, Italy, 
Luxembourg, Netherlands, Greece, Portugal and Sweden) because they are 
subject to largely identical EU regulations (with some minor differences in 
implementation), in general, and specifically with respect to the European  
Single Market over our sample period from 1996 to 2018. We disregard years 
before 1996 due to major historic dissimilarities between these countries.  
For the control group, we also consider a broader sample of all 27 EU member 
states and the three European Free Trade Association states and the United 
Kingdom (EU-15, Croatia, Bulgaria, Cyprus, Czech Republic, Estonia, Hungary, 
Lithuania, Latvia, Malta, Poland, Romania, Slovakia, Slovenia, Switzerland, 
Iceland and Norway). Supplementary Tables 1–3 in Supplementary Note 2 provide 
summary statistics.

Empirical approach. We identify effective policy interventions by detecting 
structural breaks in TWFE panel models of CO2 emissions. Detected breaks 
identify heterogeneous treatment effects without prior knowledge on treatment 
assignment or timing. A standard approach to analyse policy effectiveness, often 
interpreted as difference-in-differences when treatment effects are homogeneous—
for example, ref. 13—is to model emissions using a TWFE estimator as a function 
of control variables and a binary variable that denotes the interaction of ‘treated’ 
countries that are subject to particular policies and the post-treatment period. Such 
‘known’ binary policy variables in a TWFE panel are equivalent to step shifts in 
the individual fixed effects of the treated countries (more detailed discussion in 
Supplementary Note 1).

Using the equivalence between step shifts in the unit-specific intercept (that 
is, fixed effect) and known treatments, we use an alternative approach to evaluate 
reverse causal questions regarding policy interventions. Rather than exclusively 
evaluating known interventions while disregarding unknown but effective policies, 
we estimate a TWFE panel in search of potential structural breaks (step shifts) in 
the unit-specific intercepts. Once a break has been identified, it can be interpreted 
as a treatment for the relevant country. We then attempt to attribute the break to a 
policy that affected the treated country around the detected time. Thus, rather than 
assessing effects of causes, our approach provides a data-driven method to first 
identify breaks which can, in a second step, be attributed to policy interventions. 
Pretis and Schwarz17 provide a detailed discussion of this modelling approach that 
was first introduced by Pretis35.

We formulate the detection of structural breaks as a problem of variable 
selection similar to ref. 36 but extended the approach to the panel setting, where 
we saturate a TWFE panel model with a full set of step shifts denoting potential 
treatment of every country at every point in time. We then apply variable selection 
methods from machine learning that allow for more candidate variables than 
observations to identify breaks without prior knowledge of their existence. We 
saturate a TWFE regression with a full set of break variables (step shifts) denoting 
potential treatment of each unit at every time period, nesting any specific 
treatment as a special case. In a balanced panel of N countries and T time periods 
this adds N(T − 1) potential break variables to be selected over. Therefore, we start 
with a full set of step functions with coefficients τj,s:

log (CO2)i,t = αi + ϕt +

N∑

j=1

T∑

s=2
τj,s1{i=j,t≥s} + x′β + ϵi,t (1)

where αi and ϕt denote individual and time fixed effects, xi,t is a vector of control 
variables that includes log(GDP), log(GDP)2 and log(population size). The 
population treatment coefficients τj,s are sparse with coefficients of zero for all but 
the treated countries. This operationalizes the notion of ref. 11 that reverse causal 
questions require variables ‘that might not yet even be in our model.’ The target 
of model selection is then to remove all but the relevant break variables so that 
in a final sparse model, the selected breaks correspond to the true underlying, 
and potentially unknown treatments. Let T̂r denote the set of detected treated 

countries, with associated detected treatment times T̂j for each treated country 
j ∈ T̂r. Then the resulting sparse model is:

̂log(CO2)i,t = α̂i + ϕ̂t +
∑

j∈T̂r

∑

s∈T̂j

τ̂j,s1{i=j,t≥s} + x′ β̂ (2)

Coefficients τ̂j,s correspond to estimates of heterogeneous treatment effects for 
the detected treated countries. For example, we may detect a break for Sweden 
in 2006 (Swe ∈ Tr, TSwe = 2006), where the associated estimated coefficient 
τ̂Swe,2006 on the break variable captures the country-specific treatment effect. The 
estimated treatment effects in the final retained model (2) can be interpreted as 
heterogeneous treatment effects estimated using interactions of the unit-fixed 
effects with treatment time for each treated unit as in ref. 25, thus also addressing 
recent concerns about imposing homogeneous treatment effects in panels with 
staggered adoption (for example, ref. 37). The main difference relative to the 
specification in ref. 25 is that in our application, each treated cohort consists of a 
single country.

We resort to machine learning to move from the general model (1) that embeds 
all possible treatment dates for all countries to the sparse model (2). A large set of 
potential selection algorithms are available. To carefully control the false positive 
rate of detected breaks, we apply the block search algorithm ‘gets’38 using the 
‘getspanel’ update in ref. 18, which forms part of the general-to-specific family of 
model selection. Alternatives include shrinkage-based methods such as the LASSO 
and variants thereof, though these do not target the false positive rate (refs. 39–41). 
Supplementary Note 1 provides a more detailed discussion.

The main calibration parameter of ‘gets’ is the target level of significance γc 
which controls the expected false positive rate of retained breaks and is defined 
as the number of non-zero treatment coefficients relative to all possible treatment 
coefficients. Their asymptotic properties are explored in ref. 42, who show that in 
the absence of breaks and accounting for multiple testing, the false positive rate 
converges to the chosen nominal level of significance of selection γc. If there are no 
true treatment breaks present, then the proportion of spuriously detected breaks 
converges to the chosen level of significance. For instance, with γc = 0.01, the expected 
false positive rate is 1% and we expect 0.01 × N(T − 1) spuriously retained breaks. We 
consider γc equal to 0.05, 0.01 and 0.001 in our models of CO2 emissions to assess the 
robustness of our results. Supplementary Table 5 in Supplementary Note 3 shows that 
our findings are robust to using cluster-robust standard errors.

Attribution. Our attribution strategy to match policy interventions to the year 
intervals for which we detect break points involved two primary databases and 
various supplementary data sources.

First, we searched for interventions in two main databases: (i) the IEA’s Policies 
and Measures Database that provides information on past, existing or planned 
climate and energy policies. Data is collected from governments, international 
organizations and IEA analyses, and governments can review the provided 
information periodically. (ii) The National Communications to the United Nations 
Framework Convention on Climate Change secretariat that our sample countries 
are required to submit regularly.

Second, to corroborate the information gained from the IEA and United 
Nations Framework Convention on Climate Change documents and to double 
check for any policies these two sources omit, we collected additional information 
from the European Automobile Manufacturers’ Association’s Annual Tax Guide 
that provides detailed information on fuel, vehicle and road tax schedules and 
subsidy programmes, the World Bank’s Carbon Pricing Dashboard that provides 
detailed information on carbon prices and the Climate Change Laws of the World 
database of the Grantham Research Institute. In a few cases, we also conducted 
specific searches on Google.

Data availability
All publicly available data analysed in this study are available from the 
corresponding author upon request and are also available from online repository 
Zenodo (https://doi.org/10.5281/zenodo.6768563).

Code availability
The code required to replicate our study is available from the corresponding author 
upon request and is also available from online repository Zenodo (https://doi.
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Part III. Conclusion

To combat climate change and to deal with the climate crisis in a sustainable, equi-

table, and efficient manner, we must question the current focus of research critically.

While much of the efforts in the macro-economic climate impact community have

for decades focused on trying to identify the ‘efficient’ or ‘optimal’ level of warming

given economic preferences, comparatively little attention of economists has been

diverted towards identifying the most effective climate policy instruments, where

climate and weather impacts have actually occurred, what their effect has been,

and how such impacts could challenge societies in the next few decades.

The relevance of getting the estimation of climate impacts right is immense.

Currently, a lack of appropriate data, an inadequate research focus, and misspecified

estimation methods have led to a situation where crucial questions in the climate

change literature remain unsatisfyingly unresolved. This manifests itself in the

fact that we cannot rely on comprehensive assessments of extreme weather event

occurrence in developing countries, that we face large uncertainty when considering

climate policy instrument choice, and that we have limited understanding of the

magnitude of the role of adaptation in reducing future climate damages. Challenges

like multi-causal relationships, long forecasting periods, high internal variability

systems, and high levels of heterogeneity in impacts and responses combine to make

any kind of impact estimation in the context of climate change inherently difficult.

Nevertheless, the literature on both estimating physical climate impacts as well

as on policy effects has improved significantly over the past few decades. The

use of econometric methods has allowed the climate impact literature to progress

beyond theoretical process-based estimates of the relationship between economic

output and climate, while advances in machine-learning and statistical methods
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Conclusion

have provided us with an opportunity to make use of the increasingly data-rich

research context that we operate in.

In this thesis, I made a substantial contribution to this impact estimation

literature and have advanced this field in a number of key ways. I have explored

how the use of advanced and novel econometric methods can alleviate some of the

challenges and gaps that the literature still faces.

In the work presented in the five papers of this thesis, I have provided method-

ological advances for already existing approaches in Papers 1 and 2 by improving

macro-econometric climate impact estimates. Furthermore, I have also highlighted

two emerging areas of research where future progress could be immense, by presenting

a novel method to detect extreme weather events especially in developing countries in

Paper 3 and by presenting new methods to allow climate policy evaluation to ask the

questions that could actually help us understand which methods are most effective

at reducing carbon emissions in Paper 5, which uses a method developed in Paper 4.

This thesis has therefore demonstrated that existing estimation approaches can be

improved by using novel misspecification tests, the use of more specialised data, as

well as more advanced machine learning type model selection algorithms. This thesis

has also demonstrated that asking new questions in the field of policy evaluation

and weather impact detection can offer promising avenues for further research.

Overall, the individual pieces of work in this thesis collectively illustrate that

there is a significant potential to improve various aspects of climate impact estima-

tion. Advanced and novel econometric techniques can deal with omnipresent issues

that have plagued the climate debate for decades; these techniques can quantify and

alleviate misspecification concerns, can allow for a more specific and insightful debate

surrounding adaptation options and likely future damage while providing a more

holistic and objective data environment for climate policy and weather impact events.

Undoubtedly, numerous questions and challenges for this literature remain, as

discussed extensively in Part I. And while a number of these questions have been

addressed with the methods presented here, it also seems clear that econometric

techniques are a key tool in our collective toolbox to resolve them in the long-term.
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Conclusion

To achieve the crucial climate goals set by the Paris Agreement, such as deep

decarbonisation, a greening of financial flows, and a resilient, well-adapted society,

I am convinced that empirical methods will need to play a more prominent role.

Overall, I argue that when econometric methods are specified correctly, are applied

to the most pressing research questions and make use of the appropriate data, then

using these methods can allows us to direct adaptation funding more efficiently,

track Loss and Damage events around the world, and allow policy-makers to focus

on those policy packages that have the largest chance of making a difference. The

methods used and developed in the five papers presented in this doctoral thesis

illustrate distinct opportunities to advance our understanding in this field – and

it is this understanding that will be crucial in our collective endeavour to create

a low-carbon equitable economic system for the future.
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Contribution Statement

Here, I outline the specific contributions that I have made to each paper to enable

the examiners of this thesis to gain a more thorough understanding of my work.

In Paper 1, my main contribution focused on implementing the climate impact

application as well as the computational implementation of the bootstrap tests.

The asymptotic theory was developed by Xiyu Jiao, while the overall approach

and motivation of the study was developed by Felix Pretis. The resulting paper

was written jointly (author order is alphabetical).

In Paper 2, I led the design and approach of the overall study, was responsible

for the data management, the econometric estimation, and the projections. My

co-author Felix Pretis provided guidance on the econometric methods (especially

with regard to the model selection algorithms), and in developing the adapta-

tion components.

Paper 3 is a single author paper, which means I was responsible for all as-

pects of the article.

In Papers 4 and 5, I was responsible for developing, maintaining, and imple-

menting the break detection algorithm used in both chapters based on earlier work

by Felix Pretis. I have also maintained and published this algorithm in the R

package getspanel on the open-source distribution platform CRAN. Paper 4 was

conceptually designed and led jointly with Felix Pretis (author order is alphabetical),

while Paper 5 was initiated and led by Nico Koch (author order is alphabetical). A

precise contribution statement detailing the individual contributions of all authors

is contained at the very end of Paper 5.
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ONLINE APPENDIX

A Proofs of The Main Theorems

The proofs of the main results proceed as follows: initially the one-step stochastic expansion and
tightness results are given for the iterated estimators of (β, σ2) computed from Algorithm 2.1. Next,
we show the expansion of the iterated estimators in any step in terms of the initial estimators and
establish the fixed point of the iterated estimators upon through infinite iterations. Given the
two different type of initial estimators by the Robustified Least Squares and Impulse Indicator
Saturation algorithms, we then build up the stochastic expansions of their algorithmic estimators
in any iterated step. All these arguments hold uniformly in the cut-off c ∈ [c+,∞), so weak
convergence theory can be established for the estimators of (β, σ2) seen as stochastic processes in
terms of the drifting cut-off c. The proof combines the tightness and finite dimensional convergence,
showing that the weak limit varies with the stochastic properties of regressors. Finally, we propose
our outlier distortion tests for checking outlier robustness in coefficients.

To conduct all our asymptotic analysis, we require the empirical process theory recently devel-
oped by Berenguer-Rico et al. (2019). Thus, we first present Theorem 4.4 from Berenguer-Rico et
al. (2019), which summarizes the main result of their paper and provides the first order asymptotic
expansions for a class of one-sided weighted and marked empirical processes.

Lemma A.1. (Berenguer-Rico et al. (2019), Theorem 4.4) Suppose Assumption 2.1(i, iib) holds.
We have an expansion

n−1/2
n∑

i=1

winε
p
i 1(εi≤σc+n−1/2ac+x′inb)

= n−1/2
n∑

i=1

winε
p
i 1(εi≤σc) + Bn(a, b, c) +R(a, b, c),

where the bias term is expressed as

Bn(a, b, c) = σp−1cpf(c)n−1/2
n∑

i=1

win(n
−1/2ac+ x′inb).

Notice win can be chosen as 1, n1/2xin, nxinx
′
in and p as either of 0, 1, 2. For any B > 0 and as

n→ ∞, the remainder term satisfies

sup
−∞<c<∞

sup
|a|,|b|≤n1/4−ηB

|R(a, b, c)| = oP(1).

In addition, the normalized process n−1/2
∑n

i=1win(ε
p
i 1(εi≤σc) − Ei−1ε

p
i 1(εi≤σc)) is tight in c ∈ R,

where Ei−1(·) = E(·|Fi−1) and Ei−1ε
p
i 1(εi≤σc) = Eεpi 1(εi≤σc).

From (2.6) and (2.7), it is clear that the updated estimators of (β, σ2) involve the above weighted
and marked empirical processes but with the two-sided indicator

v
(m)
i,c = 1

(|yi−x′iβ̂
(m)
c |≤σ̂(m)

c c)
= 1

(|εi−x′inb̂
(m)
c |≤σc+n−1/2â

(m)
c c)

,

where b̂
(m)
c = N−1(β̂

(m)
c − β) and â

(m)
c = n1/2(σ̂

(m)
c − σ) are estimation errors for m-step estimator

of (β, σ2). Thus, the next lemma is to extend the stochastic expansions of Lemma A.1 to the
empirical processes with the two-sided indicators.
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Lemma A.2. Suppose Assumption 2.1(i, iib) holds. We have an expansion

n−1/2
n∑

i=1

winε
p
i 1(|εi−x′inb|≤σc+n−1/2ac) = n−1/2

n∑

i=1

winε
p
i 1(|εi|≤σc) + B′

n(a, b, c) +R′(a, b, c),

where the bias term is expressed as

B′
n(a, b, c) = 2σp−1cpf(c)n−1/2

n∑

i=1

win(1(p even)n
−1/2ac+ 1(p odd)x

′
inb).

Notice win can be chosen as 1, n1/2xin, nxinx
′
in and p as either of 0, 1, 2. For any B > 0 and as

n→ ∞, the remainder term satisfies

sup
0<c<∞

sup
|a|,|b|≤n1/4−ηB

|R′(a, b, c)| = oP(1).

In addition, the normalized process n−1/2
∑n

i=1win(ε
p
i 1(|εi|≤σc)−Ei−1ε

p
i 1(|εi|≤σc)) is tight in c ∈ R+,

where Ei−1ε
p
i 1(|εi|≤σc) = Eεpi 1(|εi|≤σc) = σpτ cp .

Proof of Lemma A.2. For any c > 0, first apply the equality for indicators below

1(|εi−x′inb|≤σc+n−1/2ac) = 1(εi≤σc+n−1/2ac+x′inb)
− 1(εi≤−σc−n−1/2ac+x′inb)

to the two-sided empirical processes n−1/2
∑n

i=1winε
p
i 1(|εi−x′inb|≤σc+n−1/2ac). Then, insert the ex-

pansions shown in Lemma A.1 with c and −c, and use the symmetric property of f(c) to obtain
the bias term

σp−1cpf(c)n−1/2
n∑

i=1

win[{1 + (−1)p}n−1/2ac+ {1− (−1)p}x′inb].

Tightness of the process n−1/2
∑n

i=1win(ε
p
i 1(|εi|≤σc) − Ei−1ε

p
i 1(|εi|≤σc)) simply follows from that of

the one-sided process n−1/2
∑n

i=1win(ε
p
i 1(εi≤σc) − Ei−1ε

p
i 1(εi≤σc)). ■

Before showing the one-step stochastic expansion of the updated estimators, we first present
the following lemma, which is a variation of the delta method required for attaining the expansion

of n1/2(σ̂
(m+1)
c − σ) from n1/2{(σ̂(m+1)

c )2 − σ2}.

Lemma A.3. Let {Xn} be a sequence of random variables and θ be a deterministic parameter.
Assume that a univariate function g has the first and second derivatives ġ, g̈, then we have

n1/2{g(Xn)− g(θ)} = ġ(θ)n1/2(Xn − θ) + n−1/2g̈(θ̄){n1/2(Xn − θ)}2,

where |θ̄ − θ| ≤ |Xn − θ|.

Proof of Lemma A.3. Approximate g around the point θ by the linear function using the Taylor
expansion and particularly check the approximation at the point Xn, then

g(Xn) = g(θ) + ġ(θ)(Xn − θ) + g̈(θ̄)(Xn − θ)2,

where |θ̄ − θ| ≤ |Xn − θ|. Rearranging the above immediately gives the expansion shown in the
lemma. ■
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Equipped with the empirical processes theory in Lemma A.2 and the delta method in Lemma
A.3, we can now study the updated estimator (2.6) and (2.7) and build up its stochastic expansion
in terms of the original estimator, a kernel and a small remainder term. Denote c+ > 0 as a small
positive number.

Lemma A.4. Consider the iterated 1-step Huber-skip M-estimator in Algorithm 2.1. Suppose

Assumption 2.1(i, ii) holds, and that N−1(β̂
(m)
c − β), n1/2(σ̂

(m)
c − σ) are OP(1). Then, uniformly

in c ∈ [c+,∞) and as n→ ∞

N−1(β̂(m+1)
c − β) =

2cf(c)

ψc
N−1(β̂(m)

c − β) + (ψcΣn)
−1

n∑

i=1

xinεi1(|εi|≤σc) + oP(1),

n1/2(σ̂(m+1)
c − σ) =

c(c2 − ς2c )f(c)

τ c2
n1/2(σ̂(m)

c − σ) +
σ

2τ c2
n−1/2

n∑

i=1

(
ε2i
σ2

− ς2c )1(|εi|≤σc) + oP(1).

Proof of Lemma A.4. The m + 1 step estimators (2.6) and (2.7) of β, σ2 are least squares
estimators for the non-outlying observations and satisfy

N−1(β̂(m+1)
c − β) = (

n∑

i=1

xinx
′
inv

(m)
i,c )−1(

n∑

i=1

xinεiv
(m)
i,c ), (A.1)

n1/2{(σ̂(m+1)
c )2 − σ2} = ς−2

c (n−1
n∑

i=1

v
(m)
i,c )−1n−1/2{σ2

n∑

i=1

(
ε2i
σ2

− ς2c )v
(m)
i,c (A.2)

− (

n∑

i=1

εix
′
inv

(m)
i,c )(

n∑

i=1

xinx
′
inv

(m)
i,c )−1(

n∑

i=1

xinεiv
(m)
i,c )}.

We express the weight v
(m)
i,c in (2.5) as

v
(m)
i,c = 1

(|yi−x′iβ̂
(m)
c |≤σ̂(m)

c c)
= 1

(|εi−x′inb̂
(m)
c |≤σc+n−1/2â

(m)
c c)

, (A.3)

where b̂
(m)
c = N−1(β̂

(m)
c − β) and â

(m)
c = n1/2(σ̂

(m)
c − σ) are estimation errors for β and σ in the m

step of the algorithm.

By Assumption 2.1(i, iib) and |̂b(m)
c | + |â(m)

c | = OP(1), we can apply the expansions of the

empirical processes in Lemma A.2 to (A.1) and (A.2), so for β̂
(m+1)
c we have

b̂(m+1)
c =

2cf(c)

ψc
b̂(m)
c + (ψcΣn)

−1
n∑

i=1

xinεi1(|εi|≤σc) +Rβ(â
(m)
c , b̂(m)

c , c),

where the remainder Rβ(a, b, c) vanishes uniformly in c+ ≤ c <∞ and |a|, |b| ≤ B. A key to this is

that c is bounded away from zero and that Σn
D→ Σ is almost surely positive definite by Assumption

2.1(iia) so that the denominator ψc, ψcΣn is bounded away from zero.

For σ̂
(m+1)
c , first write n1/2(σ̂

(m+1)
c − σ) = n1/2[{(σ̂(m+1)

c )2}1/2 − (σ2)1/2] and let g(x) = x1/2,

Xn = (σ̂
(m+1)
c )2, θ = σ2, then apply Lemma A.3 to obtain

n1/2(σ̂(m+1)
c − σ) =

1

2σ
n1/2{(σ̂(m+1)

c )2 − σ2}+ n−1/2O[n{(σ̂(m+1)
c )2 − σ2}2].
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Notice ġ(x) = x−1/2/2 and g̈(x) = −x−3/2/4. Next, apply the similar arguments as for β̂
(m+1)
c to

get

â(m+1)
c =

c(c2 − ς2c )f(c)

τ c2
â(m)
c +

σ

2τ c2
n−1/2

n∑

i=1

(
ε2i
σ2

− ς2c )1(|εi|≤σc) +Rσ(â
(m)
c , b̂(m)

c , c),

where the remainder Rσ(a, b, c) also vanishes uniformly. ■

We then prove tightness of iterated estimators. Then, we show the contraction mapping for
the one-step expansion of the updated estimator in terms of the original one. With η = 1/4
corresponding to a bounded initial estimators, this will be sufficient for tightness proof. Note that
| · | refers to the usual Euclidean vector norm, while ∥M∥ = max{eigen(M ′M)}1/2 is the spectral
norm for any matrix M . The norms are compatible so that |Mx| ≤ ∥M∥|x| for any vector x.

Proof of Theorem 2.1. To make the proof concise, write the one-step expansion more compactly

û(m+1)
c = Γcû

(m)
c +Kc +Ru(û

(m)
c , c), (A.4)

where the remainder term satisfies supc+≤c<∞ sup|u|≤B |Ru(u, c)| = oP(1) and

û(m)
c =

(
b̂
(m)
c

â
(m)
c

)
, Γc =

{
2cf(c)
ψc

Idx 0dx

0′dx
c(c2−ς2c )f(c)

τc2

}
, (A.5)

Kc =

{
(ψcΣn)

−1 0dx
0′dx

σ
2τc2

}
n∑

i=1

{
xinεi

n−1/2(
ε2i
σ2 − ς2c )

}
1(|εi|≤σc). (A.6)

Apply the autoregressive equation (A.4) recursively to obtain the representation

û(m+1)
c = Γm+1

c û(0)c +
m∑

l=0

Γlc{Kc +Ru(û
(m−l)
c , c)}. (A.7)

Use the triangle inequality and |Mx| ≤ ∥M∥|x| to get

|û(m+1)
c | ≤ ∥Γm+1

c ∥|û(0)c |+ {|Kc|+ max
0≤l≤m

|Ru(û(l)c , c)|}
m∑

l=0

∥Γlc∥.

Assumption 2.1(i) shows supc+≤c<∞max{|2cf(c)/ψc|, |c(c2 − ς2c )f(c)/τ
c
2 |} < 1; see Theorem 3.5 in

Johansen & Nielsen (2013), so supc+≤c<∞ ∥Γc∥ < 1. Thus, by Gelfand’s formula, see Theorem 3.4 in

Varga (2000), limm→∞ ∥Mm∥1/m = max |eigen(M)|, for some ω such that supc+≤c<∞ ∥Γc∥ < ω < 1
there exists m0 > 0 so for all m > m0 then

sup
c+≤c<∞

∥Γmc ∥ < ωm < 1. (A.8)

Also note (Idx+1 − Γc)
−1 =

∑∞
l=0 Γ

l
c. This in turn implies for some 1 < B0 <∞

sup
0≤m<∞

sup
c+≤c<∞

∥Γmc ∥ < B0, sup
c+≤c<∞

∥(Idx+1 − Γc)
−1∥ ≤

∞∑

l=0

sup
c+≤c<∞

∥Γlc∥ < B0. (A.9)
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Therefore, we have for all m ∈ [0,∞)

|û(m+1)
c | < B0{|û(0)c |+ |Kc|+ max

0≤l≤m
|Ru(û(l)c , c)|}. (A.10)

For any c ∈ [c+,∞), Assumption 2.1(iii) with η = 1/4 guarantees tightness of û
(0)
c . Lemma A.2

shows that the kernel Kc process is tight using Assumption 2.1(i, iib). Thus, for all ϵ, δ > 0 there
exist n0, U0 > 0 so that for all n > n0 the set

An = {B0 sup
c+≤c<∞

(|û(0)c |+ |Kc|) ≤ U0/3, B0 sup
c+≤c<∞

sup
|u|≤U0

|Ru(u, c)| < δ/2} (A.11)

has probability larger than 1− ϵ.

Mathematical induction over m is used to show sup0≤m<∞ supc+≤c<∞ |û(m)
c | ≤ U0 on the set

An. For m = 0 as induction starts, supc+≤c<∞ |û(0)c | ≤ B−1
0 U0/3 < U0 holds since B0 > 1. The

induction assumption is sup0≤l≤m supc+≤c<∞ |û(l)c | ≤ U0 implying B0max0≤l≤m |Ru(û(l)c , c)| < δ/2.

Then the bound in (A.10) becomes supc+≤c<∞ |û(m+1)
c | < 2U0/3 + δ/2 < U0 so that it follows

sup0≤l≤m+1 supc+≤c<∞ |û(l)c | ≤ U0. ■

Next, we show the expansion of the iterated estimator from Algorithm 2.1 at any step in terms
of its starting point.

Proof of Theorem 2.2. Directly apply the recursive representation (A.7) in the tightness proof,
so uniformly in c ∈ [c+,∞) and for any m ∈ [0,∞)

û(m+1)
c = Γm+1

c û(0)c +
m∑

l=0

ΓlcKc +
m∑

l=0

ΓlcRu(û
(m−l)
c , c),

where supc+≤c<∞ sup|u|≤B |Ru(u, c)| = oP(1). Since the spectral radius of Γc is bounded by one,
see (A.8), then (A.9) shows for 1 < B0 <∞

sup
c+≤c<∞

∥
m∑

l=0

Γlc∥ ≤ sup
c+≤c<∞

m∑

l=0

∥Γlc∥ ≤
∞∑

l=0

sup
c+≤c<∞

∥Γlc∥ < B0.

Further with tightness sup0≤m<∞ supc+≤c<∞ |û(m)
c | = OP(1) shown in Theorem 2.1 due to Assump-

tion 2.1 with η = 1/4, the third term vanishes in the above recursive representation. Applying the
equality

m∑

l=0

Γlc = (Idx+1 − Γc)
−1(Idx+1 − Γm+1

c ) = (Idx+1 − Γm+1
c )(Idx+1 − Γc)

−1, (A.12)

we then rearrange the recursive representation to attain

û(m+1)
c = Γm+1

c û(0)c + (Idx+1 − Γm+1
c )(Idx+1 − Γc)

−1Kc + oP(1), (A.13)
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uniformly in c,m. Recall the definition of Γc in (A.5), then

Γm+1
c =

[
{2cf(c)

ψc
}m+1Idx 0dx

0′dx { c(c2−ς2c )f(c)τc2
}m+1

]
,

(Idx+1 − Γm+1
c )(Idx+1 − Γc)

−1 =



ψm+1
c −{2cf(c)}m+1

ψm
c {ψc−2cf(c)} Idx 0dx

0′dx
(τc2 )

m+1−{c(c2−ς2c )f(c)}m+1

(τc2 )
m{τc2−c(c2−ς2c )f(c)}


 .

Finally, substitute these and û
(0)
c , Kc into (A.13) to establish the expansion of û

(m+1)
c ; see û

(0)
c in

(A.5) and Kc in (A.6). ■

The next corollary re-expresses Lemma A.4 as a stochastic expansion of the fist step estimators
in terms of the initial ones, which is a special case of Theorem 2.2 where m = 0.

Proof of Corollary 2.3. The proof follows by setting m = 0 in Theorem 2.2 such that it holds

for ϱ
(1)
β,c = 2cf(c)/ψc, ϱ

(1)
xε,c = ψ−1

c , ϱ
(1)
σ,c = c(c2 − ς2c )f(c)/τ

c
2 , and ϱ

(1)
εε,c = σ/(2τ c2). ■

We then establish the fixed point of the iterated one-step Huber-skip M-estimators defined in
Algorithm 2.1.

Proof of Theorem 2.4. Since the spectral radius of Γc is strictly smaller than one, see (A.8), we
have Γm+1

c → 0(dx+1)×(dx+1) uniformly in c ∈ [c+,∞) as m → ∞. Further with the boundedness

of û
(0)
c in probability as n → ∞ by Assumption 2.1(iii) with η = 1/4, the first term in (A.13)

vanishes. Notice that to attain the recursive representation (A.13) in the proof of Theorem 2.2, we
also require Assumption 2.1(i, ii). Thus, let n,m→ ∞ in (A.13), then we obtain the fixed point

û(∗)c = û(∞)
c = (Idx+1 − Γc)

−1Kc, (A.14)

uniformly in c. Recall the definition of Γc in (A.5), we then have

(Idx+1 − Γc)
−1 =

{
ψc

ψc−2cf(c)Idx 0dx

0′dx
τc2

τc2−c(c2−ς2c )f(c)

}
.

Substitute this and Kc into (A.14) to attain the expression of the fixed point û
(∗)
c ; see Kc in (A.6).

The next step is to formally prove that û
(∗)
c is indeed the fixed point. Replace (A.7) and (A.14)

into the deviation ∆̂
(m+1)
c = û

(m+1)
c − û

(∗)
c and apply (A.12) to attain

∆̂(m+1)
c = Γm+1

c {û(0)c − (Idx+1 − Γc)
−1Kc}+

m∑

l=0

ΓlcRu(û
(m−l)
c , c).

To bound ∆̂
(m+1)
c , use the triangle inequality and |Mx| ≤ ∥M∥|x| to get

|∆̂(m+1)
c | ≤ ∥Γm+1

c ∥{|û(0)c |+ ∥(Idx+1 − Γc)
−1∥|Kc|}+ max

0≤l≤m
|Ru(û(l)c , c)|

m∑

l=0

∥Γlc∥.

Further bound above using the inequalities (A.8) and (A.9), so for m > m0

|∆̂(m+1)
c | < ωm+1(|û(0)c |+B0|Kc|) +B0 max

0≤l≤m
|Ru(û(l)c , c)|.
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On the set An as in (A.11), since sup0≤m<∞ supc+≤c<∞ |û(m)
c | ≤ U0 by Theorem 2.1, then we have

supc+≤c<∞ |∆̂(m+1)
c | < ωm+1(B−1

0 U0/3+U0/3)+δ/2 < ωm+1U0+δ/2. As 0 < ω < 1, ωm+1 declines

exponentially so m0 can be chosen sufficiently large that for all m > m0 then ω
m+1U0 < δ/2. Thus,

P(supc+≤c<∞ |∆̂(m+1)
c | < δ) > 1− ϵ for m > m0, n > n0. ■

Next considering RLS and IIS, we first build up their stochastic expansions.

Proof of Theorem 2.5. We first establish the expansion for the Robustified Least Squares. Then,
we show that the Impulse Indicator Saturation has the identical expansion of the initial step updated
estimator as the Robustified Least Squares so that they have the same general m+1 step expansion
for any m ∈ [0,∞).

RLS starts with the full sample least squares (β̃, σ̃) which are tight and satisfy

N−1(β̃ − β) = (
n∑

i=1

xinx
′
in)

−1(
n∑

i=1

xinεi), n1/2(σ̃ − σ) =
σ

2
n−1/2

n∑

i=1

(
ε2i
σ2

− 1) + OP(n
−1/2).

Substitute the above expansion of the initial estimators (β̂
(0)
c , σ̂

(0)
c ) = (β̃, σ̃) into Theorem 2.2 using

Assumption 2.1(i, ii), then it holds for any m ∈ [0,∞),

N−1(β̂(m+1)
c − β) = ϱ

(m+1)
β,c Σ−1

n

n∑

i=1

xinεi + ϱ(m+1)
xε,c Σ−1

n

n∑

i=1

xinεi1(|εi|≤σc) + oP(1),

n1/2(σ̂(m+1)
c − σ) = ϱ(m+1)

σ,c

σ

2
n−1/2

n∑

i=1

(
ε2i
σ2

− 1) + ϱ(m+1)
εε,c n−1/2

n∑

i=1

(
ε2i
σ2

− ς2c )1(|εi|≤σc) + oP(1),

uniformly in c ∈ [c+,∞).

To demonstrate that two algorithms RLS and IIS have the same expansion of N−1(β̂
(m+1)
c −β)

for m ∈ [0,∞) even they start with different initial estimators when running Algorithm 2.1, it

suffices to show that the expansion of N−1(β̂
(1)
c − β) for IIS is the same as RLS in the above. The

updated estimator for β from an initial step in IIS is expressed as

N−1(β̂(1)c − β) = {
∑

j=1,2

(N−1
3−jN)′

∑

i∈I3−j

xin3−jx
′
in3−j

1
(|yi−x′iβ̂j |≤σ̂jc)

N−1
3−jN}−1

× {
∑

j=1,2

(N−1
3−jN)′

∑

i∈I3−j

xin3−jεi1(|yi−x′iβ̂j |≤σ̂jc)
}.

Notice xinj = N ′
jxi denotes the normalized regressors for each subsample i ∈ Ij , j = 1, 2, where

Nj corresponds to the normalization matrix based on the subsample size nj . Argue along the lines
of Lemma A.4 using the expansions in Lemma A.2, then it follows

N−1(β̂(1)c − β) = (ψcΣn)
−1{2cf(c)

∑

j=1,2

(N−1
3−jN)′ΣI3−j

n3−j (N
−1
3−jNj)N

−1
j (β̂j − β)

+
n∑

i=1

xinεi1(|εi|≤σc)}+ oP(1),

uniformly in c ∈ [c+,∞) and where we denote Σ
Ij
nj =

∑
i∈Ij xinjx

′
inj

for j = 1, 2. To apply

the empirical processes argument in the above, we require Assumption 2.1(i, iib) holding for each
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subsample Ij and the fact that the initial estimators N−1
j (β̂j−β), n1/2j (σ̂j−σ) are tight for j = 1, 2.

Substitute the expansion of least squares on each subsample Ij , N−1
j (β̂j−β) = (Σ

Ij
nj )

−1
∑

i∈Ij xinjεi
for j = 1, 2, then we have

N−1(β̂(1)c − β) =
2cf(c)

ψc
Σ−1
n

∑

j=1,2

(N−1
3−jN)′ΣI3−j

n3−j (N
−1
3−jNj)(Σ

Ij
nj )

−1
∑

i∈Ij
xinjεi

+ (ψcΣn)
−1

n∑

i=1

xinεi1(|εi|≤σc) + oP(1).

Notice that we assume n1 = int[n/2] and n2 = n − n1 so that N−1
3−jNj → Idx and NjN

−1
3−j → Idx

as n→ ∞ and nj → ∞ for j = 1, 2. Combine this fact and Assumption 2.1(iia) that Σ
Ij
nj

P→ Σ for
j = 1, 2 to attain

N−1(β̂(1)c − β) =
2cf(c)

ψc
Σ−1
n

n∑

i=1

xinεi + (ψcΣn)
−1

n∑

i=1

xinεi1(|εi|≤σc) + oP(1).

Then, we find that RLS and IIS have the identical expansion of N−1(β̂
(1)
c − β) by noting that

ϱ
(1)
β,c = 2cf(c)/ψc and ϱ

(1)
xε,c = ψ−1

c , so as for the general m+ 1 step beta estimators for m ∈ [0,∞).
Using the similar reasoning as on beta, it follows that two algorithms also have the same expansion
on sigma. ■

Drifting the cut-off value c ∈ [c+,∞), we derive the weak convergence theory of the processes

G(m+1)
n (c) = N−1(β̂

(m+1)
c −β) computed by RLS and IIS for any m ∈ [0,∞) in the stationary case,

where N = n−1/2Idx such that xin = n−1/2xi and Σ = Exix
′
i.

Proof of Theorem 2.6. By Assumption 2.1(i, ii), Theorem 2.5 shows that for any m ∈ [0,∞)
and uniformly in c ∈ [c+,∞)

G(m+1)
n (c) =

(
ϱ
(m+1)
β,c Σ−1

n

ϱ
(m+1)
xε,c Σ−1

n

)′ n∑

i=1

(
xinεi

xinεi1(|εi|≤σc)

)
+ oP(1).

Then, by Σn
P→ Σ > 0, the limiting distribution of the kernel vector, and Slutsky’s theorem, we

have for any c ∈ [c+,∞)

G(m+1)
n (c)

D→
(
ϱ
(m+1)
β,c Σ−1

ϱ
(m+1)
xε,c Σ−1

)′

N

{(
0dx
0dx

)
, σ2τ c2

(
1
τc2
Σ Σ

Σ Σ

)}
.

Since a transformation of multivariate normal is still normal, it follows

G(m+1)
n (c)

D→ N[0dx , {(ϱ
(m+1)
β,c )2 + 2τ c2ϱ

(m+1)
β,c ϱ(m+1)

xε,c + τ c2(ϱ
(m+1)
xε,c )2}σ2Σ−1].

Theorem 2.1 demonstrates the tightness of the processes G(m+1)
n for any m ∈ [0,∞), so

G(m+1)
n ⇝ G(m+1),
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where the weak limit G(m+1) is a zero mean Gaussian process with the variance

Var{G(m+1)(c)} = {(ϱ(m+1)
β,c )2 + 2τ c2ϱ

(m+1)
β,c ϱ(m+1)

xε,c + τ c2(ϱ
(m+1)
xε,c )2}σ2Σ−1. ■

Next, we give the weak convergence of the first step and fixed point estimator of RLS and IIS.

Proof of Corollary 2.7. These are two special cases of Theorem 2.6 where m = 0 such that

ϱ
(1)
β,c = 2cf(c)/ψc, ϱ

(1)
xε,c = ψ−1

c and where m→ ∞ such that ϱ
(∞)
β,c = 0, ϱ

(∞)
xε,c = 1/{ψc − 2cf(c)}. ■

We now turn to proving the results for the outlier distortion test and first show the stochastic
expansion and weak limit of the difference processes between the RLS/IIS and full sample OLS. We
mainly concentrates on stationary regressions here, and therefore choose N = n−1/2Idx such that
the RLS/IIS and OLS need to be normalised by N−1 = n1/2Idx , xin = n−1/2xi, and Σ = Exix

′
i.

Proof of Theorem 2.8. Rearrange H(m+1)
n (c) as

H(m+1)
n (c) = n1/2(β̂(m+1)

c − β̃) = n1/2(β̂(m+1)
c − β)− n1/2(β̃ − β).

Incorporate the expansions of RLS/IIS n1/2(β̂
(m+1)
c − β) and OLS n1/2(β̃ − β) from Theorem 2.5

and its proof into the above term, then the expansion is immediately attained for H(m+1)
n (c) for

any m ∈ [0,∞) and c ∈ [c+,∞). We can next obtain the weak Gaussian limit H(m+1) of a sequence

of processes H(m+1)
n by arguing along the lines of Proof of Theorem 2.6 but replacing ϱ

(m+1)
β,c by

ϱ
(m+1)
β,c − 1. ■

Next, we establish the outlier distortion test and prove Corollary 2.9.

Proof of Corollary 2.9. Given any cut-off values, the Gaussian weak limit from Theorem 2.8
immediately implies that the difference between RLS/IIS and OLS converges pointwisely to a
Normal distribution. Thus, the proposed Hausman type test statistics has a limiting chi-squared
distribution. ■

Using the relative efficiency argument similar to Hausman (1978), we show in the below lemma
that the asymptotic variance of the difference between RLS/IIS and OLS can be given by the
difference of their respective asymptotic variances under the null of no outliers.

Lemma A.5. Consider RLS or IIS. Suppose Assumption 2.1(i, ii) holds. For any m ∈ [0,∞),
c ∈ [c+,∞) and as n→ ∞, we have

avar(β̂(m+1)
c − β̃) = avar(β̂(m+1)

c )− avar(β̃).

Proof of Lemma A.5. Under the null of no outliers, for any m ∈ [0,∞), c ∈ [c+,∞) RLS/IIS

β̂
(m+1)
c and OLS β̃ are both consistent, although β̂

(m+1)
c is less efficient than β̃ in terms of having

the higher asymptotic variance, see Theorem 2.6. We take a weighted average between RLS/IIS
and OLS to construct a new estimator

θ̂(m+1)
c (λ) = λβ̂(m+1)

c + (1− λ)β̃,

where λ ∈ [0, 1]. The class of estimators θ̂
(m+1)
c (λ) are consistent, and the choice of λ determines

the trade-off between efficiency and robustness. The closer λ is to zero, the more efficient θ̂
(m+1)
c (λ)
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is. When λ = 0 the constructed estimator becomes OLS, so θ̂
(m+1)
c (0) = β̃ is the most efficient

estimator in the class, that is to say avar{θ̂(m+1)
c (λ)} attains the minimum at zero. Notice

avar{θ̂(m+1)
c (λ)} = λ2avar(β̂(m+1)

c ) + (1− λ)2avar(β̃) + 2λ(1− λ)acov(β̂(m+1)
c , β̃).

Then, we check its first and second derivatives

d

dλ
avar{θ̂(m+1)

c (λ)} = 2{λavar(β̂(m+1)
c )− (1− λ)avar(β̃) + (1− 2λ)acov(β̂(m+1)

c , β̃)},
d2

dλ2
avar{θ̂(m+1)

c (λ)} = 2{avar(β̂(m+1)
c ) + avar(β̃)− 2acov(β̂(m+1)

c , β̃)} = 2avar(β̂(m+1)
c − β̃) ≥ 0.

Thus, the function avar{θ̂(m+1)
c (λ)} is convex and minimised at λ = 0, then it follows that

d
dλavar{θ̂

(m+1)
c (λ)}|λ=0 = 0 subsequently implying acov(β̂

(m+1)
c , β̃) = avar(β̃). Finally,

avar(β̂(m+1)
c − β̃) = avar(β̂(m+1)

c ) + avar(β̃)− 2acov(β̂(m+1)
c , β̃) = avar(β̂(m+1)

c )− avar(β̃). ■

We provide a different but more direct proof in Remark A.1 to demonstrate the equality

avar(β̂
(m+1)
c − β̃) = avar(β̂

(m+1)
c ) − avar(β̃) under the null of no outliers. The proof relies on

the asymptotics derived for RLS/IIS β̂
(m+1)
c shown in Theorem 2.6. Furthermore, the remark indi-

rectly indicates that the normal distribution for errors satisfies the regularity conditions required
by Lemma A.5.

Remark A.1. Rearrange the expression of avar(β̂
(m+1)
c − β̃) from Corollary 2.9 to attain

{(ϱ(m+1)
β,c )2 − 2ϱ

(m+1)
β,c + 1 + 2τ c2ϱ

(m+1)
β,c ϱ(m+1)

xε,c − 2τ c2ϱ
(m+1)
xε,c + τ c2(ϱ

(m+1)
xε,c )2}σ2Σ−1.

Recall τ c2 = ψc − 2cf(c) if f
D
= N(0, 1) and from Theorem 2.2 that

ϱ
(m+1)
β,c = {2cf(c)

ψc
}m+1, ϱ(m+1)

xε,c =
ψm+1
c − {2cf(c)}m+1

ψm+1
c {ψc − 2cf(c)}

.

Apply these terms to have −2ϱ
(m+1)
β,c +1−2τ c2ϱ

(m+1)
xε,c = −1, and further notice from Theorem 2.6 that

avar(β̂
(m+1)
c ) = {(ϱ(m+1)

β,c )2 + 2τ c2ϱ
(m+1)
β,c ϱ

(m+1)
xε,c + τ c2(ϱ

(m+1)
xε,c )2}σ2Σ−1 and avar(β̃) = σ2Σ−1. Thus,

we finally show

avar(β̂(m+1)
c − β̃) = {(ϱ(m+1)

β,c − 1)2 + 2τ c2(ϱ
(m+1)
β,c − 1)ϱ(m+1)

xε,c + τ c2(ϱ
(m+1)
xε,c )2}σ2Σ−1

= {(ϱ(m+1)
β,c )2 + 2τ c2ϱ

(m+1)
β,c ϱ(m+1)

xε,c + τ c2(ϱ
(m+1)
xε,c )2}σ2Σ−1 − σ2Σ−1

= avar(β̂(m+1)
c )− avar(β̃).

Finally, we prove Corollary 2.10, which provides two special cases of the outlier distortion tests

comparing β̃ with β̂
(1)
c when m = 0 and with β̂

(∗)
c when m→ ∞.

Proof of Corollary 2.10. Set m = 0 and m → ∞ such that ϱ
(1)
β,c = 2cf(c)/ψc, ϱ

(1)
xε,c = ψ−1

c and

ϱ
(∞)
β,c = 0, ϱ

(∞)
xε,c = {ψc − 2cf(c)}−1 for âvar(β̂

(m+1)
c − β̃) in (2.12), then we obtain our tests. ■

The argument of the paper still works even when the error distribution becomes asymmetric
and the cut-off values c and c are chosen accordingly, but we need an empirical process theory which
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can be adapted to this situation. Thus, our last lemma is to present Theorem 3.1 from Johansen &
Nielsen (2009) which demonstrates LLN and CLT for the corresponding class of empirical processes.
Let (β̃, σ̃) be the initial estimator of (β, σ) and denote their estimation errors as b̃ = N−1(β̃ − β)
and ã = n1/2(σ̃ − σ), then the indicator variables for selecting non-outlying observations can be
re-expressed as vi,c = 1

(σ̃c≤yi−x′iβ̃≤σ̃c)
= 1

(σc+n−1/2ãc≤εi−x′inb̃≤σc+n−1/2ãc)
. Equipped with all these

notations, it is now ready to show the lemma.

Lemma A.6. (Johansen & Nielsen (2009), Theorem 3.1) Suppose Assumption 2.1 holds with

η = 1/4. Further assume µn = n−1/2
∑n

i=1 xin
D→ µ and that c and c are chosen such that τ c1 = 0.

Then, it holds

n−1
n∑

i=1

vi,c
P→ τ c0 = 1− γc = ψc,

n−1/2
n∑

i=1

xinvi,c
D→ ψcµ,

n∑

i=1

xinx
′
invi,c

D→ ψcΣ.

In addition, denote ξck = ckf(c)− ckf(c) then we have expansions

n−1/2
n∑

i=1

vi,c = n−1/2
n∑

i=1

1(σc≤εi≤σc) +
ξc0
σ
µ′nb̃+

ξc1
σ
ã+ oP(1),

n∑

i=1

xinεivi,c =
n∑

i=1

xinεi1(σc≤εi≤σc) + ξc1Σnb̃+ ξc2µnã+ oP(1),

n−1/2
n∑

i=1

ε2i vi,c = n−1/2
n∑

i=1

ε2i 1(σc≤εi≤σc) + σξc2µ
′
nb̃+ σξc3ã+ oP(1).
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B Bootstrap Algorithms

Here we provide additional detail on the proposed bootstrap implementations of our tests. As out-
lined in the main text section 2.4.1, we consider the bootstrap to either approximate the distribution
of the L2 norm of the difference between OLS and robust coefficient estimates, or estimate the vari-
ance of the coefficient difference. For each approach, we consider different resampling schemes:
non-parametric case resampling of the raw data, as well as non-parametric case resampling or a
parametric residual bootstrap based on the cleaned, outlier-removed data.

The test statistic we are interested in is

Ĥ(1)
n,c = n(β̂(1)c − β̃)′âvar(β̂(1)c − β̃)−1(β̂(1)c − β̃)

a∼ χ2
dx ,

where

âvar(β̂(1)c − β̃) =
{2cf(c)− ψc}2 + 2τ c2{2cf(c)− ψc}+ τ c2

ψ2
c

(σ̂(1)c )2(Σ̂(1)
c )−1.

The algorithm to construct the L2 bootstrap is given as follows, where re-sampling scheme A, B,
or C has to be chosen.

Algorithm B.1. L2 Bootstrap. Choose a cut-off c and bootstrap replication number B.

1. Compute the OLS β̃ and robust estimate β̂
(1)
c using Algorithm 2.1 based on the original sample

{(yi, xi)}ni=1. Then, construct the L2 norm of the coefficient difference T = ∥β̂(1)c − β̃∥2.
2. Choose one of the following three re-sampling schemes A, B, C.
A. Non-parametric case re-sampling from raw data. Draw a bootstrap sample {(y∗i , x∗i )}ni=1

by re-sampling pairs of observations (yi, xi) with replacement from the original sample {(yi, xi)}ni=1.
B. Non-parametric case re-sampling from outlier-removed data. Draw a bootstrap sample
{(y∗i , x∗i )}ni=1 by re-sampling pairs of observations (yi, xi) with replacement only from the outlier-

removed sample {(yi, xi)|v(0)i,c = 1}.
C. Parametric residual bootstrap from outlier-removed data. Compute residuals using the

robust estimate from step 1 such that ε̂
(1)
i,c = yi−x′iβ̂

(1)
c , i = 1, 2, . . . , n. Re-sample with replacement

from {ε̂(1)i,c }ni=1 to obtain bootstrap residuals {ε̂∗i }ni=1 and construct a bootstrap sample {(y∗i , xi)}ni=1

through the parametric regression y∗i = x′iβ̂
(1)
c + ε̂∗i , i = 1, 2, . . . , n.

3. Repeat step 2 B times. For each boostrap replication b = 1, 2, . . . , B, compute β̂
(1)∗
c,b and β̃∗b based

on the bootstrap sample and construct T ∗
b = ∥β̂(1)∗c,b − β̃∗b ∥2.

4. Compare the test statistic T from step 1 to the bootstrap distribution of T ∗ from step 3, and thus
reject the null if T exceeds the chosen percentile of {T ∗

b }Bb=1.

The idea of another type of bootstrap algorithms is to still follow the Hausman type test statis-
tics with the limiting chi-squared distribution, but to replace the estimated asymptotic variance
which depends on f by an estimate using bootstrap. It shares the same spirit as the bootstrap
approach proposed for the regular Hausman test by Cameron & Trivedi (2005) and (2010). The
algorithm to test the null hypothesis of no distortion using the boostrap-estimate of the variance
is given as follows.

Algorithm B.2. Variance Bootstrap. Choose a cut-off c and bootstrap replication number B.

1. Compute the OLS β̃ and robust estimate β̂
(1)
c using Algorithm 2.1 based on the original sample

{(yi, xi)}ni=1.
2. Choose and proceed with one of the three re-sampling schemes A, B, C shown in the step 2 of
Algorithm B.1 to draw the bootstrap sample {(y∗i , x∗i )}ni=1.
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3. Repeat step 2 B times. For each boostrap replication b = 1, 2, . . . , B, compute β̂
(1)∗
c,b and β̃∗b based

on the bootstrap sample. Estimate var(β̂
(1)
c − β̃) with

v̂ar(β̂(1)c − β̃)∗ =
1

B − 1

B∑

b=1

(β̂
(1)∗
c,b − β̃∗b − β̄

(1)∗
c,diff)(β̂

(1)∗
c,b − β̃∗b − β̄

(1)∗
c,diff)

′,

where β̄
(1)∗
c,diff = (1/B)

∑B
b=1(β̂

(1)∗
c,b − β̃∗b ).

4. Construct the outlier distortion test statistic using the difference of two estimates β̂
(1)
c − β̃ from

step 1 and bootstrap variance estimate v̂ar(β̂
(1)
c − β̃)∗ from step 3 such that

(β̂(1)c − β̃)′v̂ar(β̂(1)c − β̃)∗−1(β̂(1)c − β̃)
a∼ χ2

dx .

Thus, reject the null if the above test statistic exceeds the chosen critical value of the χ2
dx

distribution.

For time series, we perform both parametric residual bootstraps as well as a non-parametric
time series block bootstrap. For the parametric residual bootstrap, we use the scheme C shown in
step 2 of Algorithm B.1 and generate the bootstrap sample {y∗t }Tt=0 iteratively using the estimated
autogressive coefficient in the robust regression and the sampled bootstrap residuals {ε̂∗t }Tt=1 through

y∗t = β̂
(1)
c y∗t−1 + ε̂∗t , t = 1, 2, . . . , T , where we set y∗0 = y0. For the non-parametric time series block

bootstraps we follow Bühlmann & Künsch (1999) and use block resampling with a fixed block
size l where l = n1/3, which is rounded up to the nearest integer and where n is the sample size.
Subsequently we use scheme A or B in step 2 of Algorithm B.1 drawing blocks (instead of individual
observations) of length l from either the raw or outlier-removed data.

Performance of the different bootstrap schemes are evaluated in a range of simulations, with
results reported in section 3 as well as in the Appendix section C below.
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C Additional Simulation Results

We report several figures for additional simulation results in Appendix C.1. Then, Appendix C.2
shows all simulation results presented in tables.

C.1 Additional Simulation Figures

Here we report additional simulation results of the asymptotic test in the presence of outliers. Figure
C.1 shows the simulation results under a range of alternatives for 15% outlier contamination. Figure
C.2 shows the simulation results when testing for distortion of a single coefficient under a range of
alternatives.
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Figure C.1: Simulation performance of the asymptotic test under the alternatives contaminated with vertical outliers
for varying sample sizes and outlier magnitudes when the DGP is iid (ρ = 0) including five regressors and 15% of the
sample is outlier-contaminated.
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Figure C.2: Simulation performance of the asymptotic test under the alternatives contaminated with vertical outliers
for varying sample sizes and outlier magnitudes when the DGP is iid (ρ = 0) including a single regressor and 10% of
the sample is outlier-contaminated.
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Figure C.3 shows the parametric bootstrap simulation results under the null of no outliers.
The parametric residual bootstrap does not appear to provide any improvement relative to the
asymptotic test.

Figure C.4 shows the non-parametric bootstrap simulation results under the alternative when
the DGP is contaminated with bad leverage points. The results in the main text show that the
L2 nonparametric bootstrap using the cleaned data or the variance bootstrap using the raw data
performs well under the null of no outliers. In the presence of bad leverage points, particularly the
non-parametric variance bootstrap performs well with power increasing with sample size. The L2
bootstrap does not exhibit high power when the DGP is contaminated with bad leverage points,
further supporting the preference for the variance bootstrap.
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Figure C.3: Simulation performance of the parametric bootstrap test under the null of no outliers.
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Figure C.4: Simulation performance of the non-parametric bootstrap tests under alternatives contaminated with bad
leverage points for varying sample sizes.
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C.2 Simulation Results Presented in Tables

Here we present the full set of simulation results in Tables (Figures in the main text and Appendix
visualise the same information). Notably, we also report the results for a bootstrap simulation when
the assumed error distribution does not match the asymmetric (log-normal) error distribution in
the DGP in Table C.14. Due to the computational complexity of the bootstrap we limit this case to
a single specification (with large sample size) – the bootstrap does not perform well in the presence
of asymmetric errors in this single setup, thus expanding the simulation specifications was not
necessary for this case.

Table C.1: Simulation performance of the asymptotic test under the null of no distortion for varying sample sizes,
cut-offs, and test levels when the DGP is iid (ρ = 0) with a Normal reference distribution and Monte Carlo replications
m = 10000.

γc

n # Regressors 0.01 0.05

Level 0.01
100 5 0.107 0.029
200 5 0.056 0.018
300 5 0.044 0.017
400 5 0.034 0.014
500 5 0.031 0.015

Level 0.05
100 5 0.194 0.088
200 5 0.123 0.069
300 5 0.103 0.063
400 5 0.092 0.060
500 5 0.084 0.060

Table C.2: Simulation performance of the asymptotic test under the null of no distortion for varying sample sizes and
number of regressors when the DGP is iid (ρ = 0) with a Normal reference distribution and Monte Carlo replications
m = 10000.

# Regressors

n Level γc 1 5 10

100 0.05 0.05 0.060 0.088 0.107
200 0.05 0.05 0.057 0.069 0.081
300 0.05 0.05 0.051 0.063 0.069
400 0.05 0.05 0.052 0.060 0.064
500 0.05 0.05 0.049 0.060 0.061
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Table C.3: Simulation performance of the asymptotic test under the null of no distortion for varying sample sizes and
degrees of persistence (ρ = 0, 0.5) in the DGPs with a Normal reference distribution and Monte Carlo replications
m = 10000.

ρ

n Level γc # Regressors 0 0.5

100 0.05 0.05 5 0.088 0.090
200 0.05 0.05 5 0.069 0.066
300 0.05 0.05 5 0.063 0.065
400 0.05 0.05 5 0.060 0.058
500 0.05 0.05 5 0.060 0.057

Table C.4: Simulation performance of the asymptotic test under the alternatives contaminated with vertical outliers
for varying sample sizes and outlier magnitudes when the DGP is iid (ρ = 0) including a single regressor and 10% of
the sample is outlier-contaminated with a Normal reference distribution and Monte Carlo replications m = 10000.

Rejection Frequency for λ

n ρ Outl. Prop. Level γc # Regressors 2 3 4 6

100 0 0.1 0.01 0.05 1 0.085 0.558 0.967 1
200 0 0.1 0.01 0.05 1 0.166 0.889 1.000 1
300 0 0.1 0.01 0.05 1 0.259 0.978 1.000 1
400 0 0.1 0.01 0.05 1 0.356 0.998 1.000 1
500 0 0.1 0.01 0.05 1 0.467 0.999 1.000 1

Table C.5: Simulation performance of the asymptotic test under the alternatives contaminated with vertical outliers
for varying sample sizes and outlier magnitudes when the DGP is iid (ρ = 0) including a single regressor and 15% of
the sample is outlier-contaminated with a Normal reference distribution and Monte Carlo replications m = 10000.

Rejection Frequency for λ

n ρ Outl. Prop. Level γc # Regressors 2 3 4 6

100 0 0.15 0.01 0.05 1 0.100 0.585 0.963 1
200 0 0.15 0.01 0.05 1 0.215 0.915 1.000 1
300 0 0.15 0.01 0.05 1 0.338 0.988 1.000 1
400 0 0.15 0.01 0.05 1 0.471 0.999 1.000 1
500 0 0.15 0.01 0.05 1 0.583 1.000 1.000 1

Table C.6: Simulation performance of the asymptotic test under the alternatives contaminated with vertical outliers
for varying sample sizes and outlier magnitudes when the DGP is iid (ρ = 0) including five regressors and 10% of the
sample is outlier-contaminated with a Normal reference distribution and Monte Carlo replications m = 10000.

Rejection Frequency for λ

n ρ Outl. Prop. Level γc # Regressors 2 3 4 6

100 0 0.1 0.01 0.05 5 0.084 0.449 0.907 1
200 0 0.1 0.01 0.05 5 0.119 0.767 0.999 1
300 0 0.1 0.01 0.05 5 0.164 0.928 1.000 1
400 0 0.1 0.01 0.05 5 0.243 0.986 1.000 1
500 0 0.1 0.01 0.05 5 0.307 0.998 1.000 1
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Table C.7: Simulation performance of the asymptotic test under the alternatives contaminated with vertical outliers
for varying sample sizes and outlier magnitudes when the DGP is iid (ρ = 0) including five regressors and 15% of the
sample is outlier-contaminated with a Normal reference distribution and Monte Carlo replications m = 10000.

Rejection Frequency for λ

n ρ Outl. Prop. Level γc # Regressors 2 3 4 6

100 0 0.15 0.01 0.05 5 0.085 0.417 0.850 0.998
200 0 0.15 0.01 0.05 5 0.139 0.773 0.998 1.000
300 0 0.15 0.01 0.05 5 0.218 0.950 1.000 1.000
400 0 0.15 0.01 0.05 5 0.306 0.990 1.000 1.000
500 0 0.15 0.01 0.05 5 0.397 0.999 1.000 1.000

Table C.8: Simulation performance of the asymptotic test under the alternatives contaminated with vertical outliers
for varying sample sizes and outlier magnitudes when the DGP contains a stationary autoregressive process (ρ = 0.5)
and five regressors and 10% of the sample is outlier-contaminated with a Normal reference distribution and Monte
Carlo replications m = 10000.

Rejection Frequency for λ

n ρ Outl. Prop. Level γc # Regressors 2 3 4 6

100 0.5 0.1 0.01 0.05 5 0.079 0.423 0.898 1
200 0.5 0.1 0.01 0.05 5 0.117 0.751 0.998 1
300 0.5 0.1 0.01 0.05 5 0.160 0.923 1.000 1
400 0.5 0.1 0.01 0.05 5 0.225 0.981 1.000 1
500 0.5 0.1 0.01 0.05 5 0.303 0.997 1.000 1

Table C.9: Simulation performance of the asymptotic test under the alternatives contaminated with vertical outliers
for varying sample sizes and outlier magnitudes when the DGP contains a stationary autoregressive process (ρ = 0.5)
and five regressors and 15% of the sample is outlier-contaminated with a Normal reference distribution and Monte
Carlo replications m = 10000.

Rejection Frequency for λ

n ρ Outl. Prop. Level γc # Regressors 2 3 4 6

100 0.5 0.15 0.01 0.05 5 0.089 0.392 0.828 0.995
200 0.5 0.15 0.01 0.05 5 0.129 0.753 0.995 1.000
300 0.5 0.15 0.01 0.05 5 0.207 0.932 1.000 1.000
400 0.5 0.15 0.01 0.05 5 0.283 0.985 1.000 1.000
500 0.5 0.15 0.01 0.05 5 0.377 0.999 1.000 1.000

Table C.10: Simulation performance of the asymptotic test under the alternatives contaminated with vertical outliers
for varying sample sizes and outlier magnitudes when the DGP contains a stochastically trensding process (ρ = 1)
and five regressors and 10% of the sample is outlier-contaminated with a Normal reference distribution and Monte
Carlo replications m = 10000.

Rejection Frequency for λ

n ρ Outl. Prop. Level γc # Regressors 2 3 4 6

100 1 0.1 0.01 0.05 5 0.084 0.420 0.887 1
200 1 0.1 0.01 0.05 5 0.117 0.742 0.998 1
300 1 0.1 0.01 0.05 5 0.162 0.920 1.000 1
400 1 0.1 0.01 0.05 5 0.227 0.981 1.000 1
500 1 0.1 0.01 0.05 5 0.289 0.996 1.000 1
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Table C.11: Simulation performance of the asymptotic test under the alternatives contaminated with vertical outliers
for varying sample sizes and outlier magnitudes when the DGP contains a stochastically trensding process (ρ = 1)
and five regressors and 15% of the sample is outlier-contaminated with a Normal reference distribution and Monte
Carlo replications m = 10000.

Rejection Frequency for λ

n ρ Outl. Prop. Level γc # Regressors 2 3 4 6

100 1 0.15 0.01 0.05 5 0.090 0.394 0.817 0.995
200 1 0.15 0.01 0.05 5 0.135 0.754 0.996 1.000
300 1 0.15 0.01 0.05 5 0.202 0.931 1.000 1.000
400 1 0.15 0.01 0.05 5 0.281 0.989 1.000 1.000
500 1 0.15 0.01 0.05 5 0.382 0.999 1.000 1.000

Table C.12: Simulation performance of the asymptotic test under the alternative contaminated with bad leverage
points for varying sample sizes and outlier magnitudes for a Normal Distribution when the dependent variable is a
cross-sectional process (ρ = 0) with a single regressor and 5% of the sample is outlier-contaminated. Monte Carlo
replications is m = 10000.

Rejection Frequency for λ

n ρ Outl. Prop. Level γc # Regressors 2 3 4 6

100 0 0.05 0.01 0.05 1 0.118 0.392 0.578 0.604
200 0 0.05 0.01 0.05 1 0.138 0.516 0.706 0.667
300 0 0.05 0.01 0.05 1 0.181 0.646 0.836 0.793
400 0 0.05 0.01 0.05 1 0.226 0.750 0.907 0.867
500 0 0.05 0.01 0.05 1 0.279 0.833 0.952 0.924

Table C.13: Simulation performance of the asymptotic test under the alternative contaminated with bad leverage
points for varying sample sizes and outlier magnitudes for a Normal Distribution when the dependent variable is
a stationary autoregressive process (ρ = 0.5) with a single regressor and 5% of the sample is outlier-contaminated.
Monte Carlo replications is m = 10000.

Rejection Frequency for λ

n ρ Outl. Prop. Level γc # Regressors 2 3 4 6

100 0.5 0.05 0.01 0.05 1 0.115 0.377 0.566 0.586
200 0.5 0.05 0.01 0.05 1 0.124 0.482 0.677 0.641
300 0.5 0.05 0.01 0.05 1 0.162 0.615 0.814 0.756
400 0.5 0.05 0.01 0.05 1 0.202 0.713 0.894 0.850
500 0.5 0.05 0.01 0.05 1 0.245 0.797 0.941 0.908
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Table C.14: Simulation performance of the bootstrap tests under the null of no distortion when the reference dis-
tribution does and does not match the error distribution in the DGP using non-parametric bootstrapping, including
the asymmetric log-normal distribution.

Rejection Frequency

Asymp. Raw Clean

n # Regressors ρ Level γc Parametric L1 L2 Variance L1 L2 Variance

Normal Distribution
50 5 0.0 0.05 0.05 Non-Parametric 0.433 0.001 0.002 0.002 0.029 0.026 0.175
100 5 0.0 0.05 0.05 Non-Parametric 0.121 0.001 0.001 0.009 0.030 0.030 0.409
200 5 0.0 0.05 0.05 Non-Parametric 0.053 0.000 0.000 0.012 0.026 0.025 0.413
400 5 0.0 0.05 0.05 Non-Parametric 0.063 0.000 0.000 0.028 0.033 0.036 0.334
50 5 0.5 0.05 0.05 Non-Parametric 0.459 0.002 0.002 0.004 0.004 0.003 0.009
100 5 0.5 0.05 0.05 Non-Parametric 0.142 0.001 0.001 0.004 0.000 0.000 0.012
200 5 0.5 0.05 0.05 Non-Parametric 0.071 0.000 0.000 0.023 0.000 0.000 0.029
400 5 0.5 0.05 0.05 Non-Parametric 0.054 0.000 0.000 0.033 0.000 0.000 0.041

t3 Distribution
50 5 0.0 0.05 0.05 Non-Parametric 0.725 0.000 0.000 0.001 0.139 0.143 0.451
100 5 0.0 0.05 0.05 Non-Parametric 0.614 0.000 0.000 0.011 0.268 0.279 0.721
200 5 0.0 0.05 0.05 Non-Parametric 0.608 0.000 0.000 0.055 0.271 0.281 0.731
400 5 0.0 0.05 0.05 Non-Parametric 0.650 0.000 0.000 0.070 0.293 0.318 0.731
50 5 0.5 0.05 0.05 Non-Parametric 0.758 0.000 0.000 0.000 0.000 0.000 0.014
100 5 0.5 0.05 0.05 Non-Parametric 0.605 0.000 0.000 0.023 0.002 0.003 0.056
200 5 0.5 0.05 0.05 Non-Parametric 0.614 0.000 0.000 0.084 0.001 0.001 0.108
400 5 0.5 0.05 0.05 Non-Parametric 0.667 0.000 0.000 0.091 0.001 0.001 0.104

Log-normal Distribution
400 5 0.0 0.05 0.05 Non-Parametric 1.000 0.000 0.000 0.992 NA NA NA

Table C.15: Simulation performance of the bootstrap tests under the null of no distortion when the reference distri-
bution does and does not match the error distribution in the DGP using parametric bootstrapping.

Rejection Frequency

Asymp. Clean

n # Regressors ρ Level γc Parametric L1 L2 Variance

Normal Distribution
50 5 0.0 0.05 0.05 Parametric 0.397 0.178 0.184 0.344
100 5 0.0 0.05 0.05 Parametric 0.128 0.186 0.195 0.315
200 5 0.0 0.05 0.05 Parametric 0.074 0.179 0.193 0.273
400 5 0.0 0.05 0.05 Parametric 0.053 0.147 0.166 0.234
50 5 0.5 0.05 0.05 Parametric 0.441 0.207 0.222 0.395
100 5 0.5 0.05 0.05 Parametric 0.124 0.182 0.180 0.317
200 5 0.5 0.05 0.05 Parametric 0.082 0.174 0.179 0.284
400 5 0.5 0.05 0.05 Parametric 0.057 0.149 0.148 0.223

t3 Distribution
50 5 0.0 0.05 0.05 Parametric 0.722 0.447 0.452 0.624
100 5 0.0 0.05 0.05 Parametric 0.617 0.556 0.576 0.702
200 5 0.0 0.05 0.05 Parametric 0.590 0.563 0.587 0.688
400 5 0.0 0.05 0.05 Parametric 0.603 0.577 0.601 0.685
50 5 0.5 0.05 0.05 Parametric 0.730 0.467 0.488 0.632
100 5 0.5 0.05 0.05 Parametric 0.646 0.551 0.584 0.704
200 5 0.5 0.05 0.05 Parametric 0.633 0.565 0.583 0.691
400 5 0.5 0.05 0.05 Parametric 0.666 0.589 0.626 0.716
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Table C.16: Simulation performance under the alternatives for varying sample sizes when using the bootstrap imple-
mentations of our test for vertical outliers (outlier magnitude of 2 SD of the error term and 10% proprtion of outliers)
using Non-Parametric Bootstraps.

Rejection Frequency

Asymp. Raw Clean

λ n # Regressors ρ Level γc Parametric L1 L2 Variance L1 L2 Variance

Normal Distribution
2 50 5 0.0 0.01 0.05 Non-Parametric 0.320 0.000 0.000 0.000 0.006 0.008 0.124
2 100 5 0.0 0.01 0.05 Non-Parametric 0.102 0.000 0.000 0.002 0.022 0.022 0.368
2 200 5 0.0 0.01 0.05 Non-Parametric 0.114 0.000 0.000 0.012 0.024 0.026 0.452
2 400 5 0.0 0.01 0.05 Non-Parametric 0.234 0.000 0.000 0.098 0.032 0.056 0.560
2 50 5 0.0 0.05 0.05 Non-Parametric 0.488 0.000 0.000 0.002 0.024 0.028 0.194
2 100 5 0.0 0.05 0.05 Non-Parametric 0.214 0.000 0.000 0.018 0.064 0.068 0.494
2 200 5 0.0 0.05 0.05 Non-Parametric 0.266 0.000 0.000 0.086 0.084 0.110 0.614
2 400 5 0.0 0.05 0.05 Non-Parametric 0.462 0.000 0.000 0.230 0.146 0.208 0.732
2 50 5 0.5 0.01 0.05 Non-Parametric 0.436 0.000 0.000 0.000 0.000 0.000 0.002
2 100 5 0.5 0.01 0.05 Non-Parametric 0.124 0.000 0.000 0.002 0.000 0.000 0.014
2 200 5 0.5 0.01 0.05 Non-Parametric 0.132 0.000 0.000 0.024 0.000 0.000 0.048
2 400 5 0.5 0.01 0.05 Non-Parametric 0.238 0.000 0.000 0.122 0.000 0.000 0.108
2 50 5 0.5 0.05 0.05 Non-Parametric 0.564 0.000 0.000 0.002 0.002 0.002 0.008
2 100 5 0.5 0.05 0.05 Non-Parametric 0.262 0.000 0.000 0.004 0.000 0.000 0.034
2 200 5 0.5 0.05 0.05 Non-Parametric 0.284 0.000 0.000 0.078 0.000 0.000 0.140
2 400 5 0.5 0.05 0.05 Non-Parametric 0.430 0.000 0.000 0.276 0.000 0.000 0.318

t3 Distribution
2 50 5 0.0 0.01 0.05 Non-Parametric 0.554 0.000 0.000 0.000
2 100 5 0.0 0.01 0.05 Non-Parametric 0.390 0.000 0.000 0.002
2 200 5 0.0 0.01 0.05 Non-Parametric 0.352 0.000 0.000 0.012
2 400 5 0.0 0.01 0.05 Non-Parametric 0.330 0.000 0.000 0.010
2 50 5 0.0 0.05 0.05 Non-Parametric 0.678 0.000 0.000 0.002
2 100 5 0.0 0.05 0.05 Non-Parametric 0.546 0.000 0.000 0.016
2 200 5 0.0 0.05 0.05 Non-Parametric 0.528 0.000 0.000 0.048
2 400 5 0.0 0.05 0.05 Non-Parametric 0.516 0.000 0.000 0.046
2 50 5 0.5 0.01 0.05 Non-Parametric 0.562 0.000 0.000 0.000
2 100 5 0.5 0.01 0.05 Non-Parametric 0.418 0.000 0.000 0.000
2 200 5 0.5 0.01 0.05 Non-Parametric 0.368 0.000 0.000 0.010
2 400 5 0.5 0.01 0.05 Non-Parametric 0.434 0.000 0.000 0.016
2 50 5 0.5 0.05 0.05 Non-Parametric 0.694 0.004 0.000 0.002
2 100 5 0.5 0.05 0.05 Non-Parametric 0.584 0.000 0.000 0.012
2 200 5 0.5 0.05 0.05 Non-Parametric 0.540 0.000 0.000 0.066
2 400 5 0.5 0.05 0.05 Non-Parametric 0.618 0.000 0.000 0.068
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Table C.17: Simulation performance under the alternatives for varying sample sizes when using the bootstrap im-
plementations of our test for vertical outliers (outlier magnitude of 4 SD of the error term and 10% proportion of
outliers) using Non-Parametric Bootstraps.

Rejection Frequency

Asymp. Raw Clean

λ n # Regressors ρ Level γc Parametric L1 L2 Variance L1 L2 Variance

Normal Distribution
4 50 5 0.0 0.01 0.05 Non-Parametric 0.840 0.000 0.000 0.002 0.040 0.036 0.524
4 100 5 0.0 0.01 0.05 Non-Parametric 0.924 0.000 0.000 0.178 0.332 0.468 0.948
4 200 5 0.0 0.01 0.05 Non-Parametric 1.000 0.000 0.000 0.938 0.478 0.738 1.000
4 400 5 0.0 0.01 0.05 Non-Parametric 1.000 0.000 0.000 1.000 0.782 0.992 1.000
4 50 5 0.0 0.05 0.05 Non-Parametric 0.912 0.002 0.002 0.002 0.194 0.196 0.686
4 100 5 0.0 0.05 0.05 Non-Parametric 0.972 0.000 0.000 0.452 0.574 0.690 0.984
4 200 5 0.0 0.05 0.05 Non-Parametric 1.000 0.000 0.000 0.992 0.728 0.904 1.000
4 400 5 0.0 0.05 0.05 Non-Parametric 1.000 0.000 0.000 1.000 0.932 0.998 1.000
4 50 5 0.5 0.01 0.05 Non-Parametric 0.868 0.000 0.000 0.000 0.000 0.000 0.002
4 100 5 0.5 0.01 0.05 Non-Parametric 0.930 0.000 0.000 0.114 0.000 0.000 0.204
4 200 5 0.5 0.01 0.05 Non-Parametric 0.998 0.000 0.000 0.902 0.000 0.000 0.900
4 400 5 0.5 0.01 0.05 Non-Parametric 1.000 0.000 0.000 1.000 0.000 0.000 1.000
4 50 5 0.5 0.05 0.05 Non-Parametric 0.926 0.000 0.000 0.000 0.000 0.000 0.010
4 100 5 0.5 0.05 0.05 Non-Parametric 0.972 0.000 0.000 0.372 0.000 0.000 0.434
4 200 5 0.5 0.05 0.05 Non-Parametric 1.000 0.000 0.000 0.974 0.000 0.000 0.990
4 400 5 0.5 0.05 0.05 Non-Parametric 1.000 0.000 0.000 1.000 0.000 0.000 1.000

t3 Distribution
4 50 5 0.0 0.01 0.05 Non-Parametric 0.722 0.000 0.000 0.000
4 100 5 0.0 0.01 0.05 Non-Parametric 0.564 0.000 0.000 0.026
4 200 5 0.0 0.01 0.05 Non-Parametric 0.636 0.000 0.000 0.140
4 400 5 0.0 0.01 0.05 Non-Parametric 0.802 0.000 0.000 0.368
4 50 5 0.0 0.05 0.05 Non-Parametric 0.812 0.004 0.002 0.006
4 100 5 0.0 0.05 0.05 Non-Parametric 0.692 0.000 0.000 0.090
4 200 5 0.0 0.05 0.05 Non-Parametric 0.794 0.000 0.000 0.314
4 400 5 0.0 0.05 0.05 Non-Parametric 0.890 0.000 0.000 0.558
4 50 5 0.5 0.01 0.05 Non-Parametric 0.708 0.000 0.000 0.000
4 100 5 0.5 0.01 0.05 Non-Parametric 0.648 0.000 0.000 0.020
4 200 5 0.5 0.01 0.05 Non-Parametric 0.674 0.000 0.000 0.182
4 400 5 0.5 0.01 0.05 Non-Parametric 0.808 0.000 0.000 0.380
4 50 5 0.5 0.05 0.05 Non-Parametric 0.802 0.000 0.000 0.000
4 100 5 0.5 0.05 0.05 Non-Parametric 0.804 0.000 0.000 0.100
4 200 5 0.5 0.05 0.05 Non-Parametric 0.798 0.000 0.000 0.344
4 400 5 0.5 0.05 0.05 Non-Parametric 0.904 0.000 0.000 0.606
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Table C.18: Simulation performance under the alternatives for varying sample sizes when using the bootstrap im-
plementations of our test for vertical outliers (outlier magnitude of 6 SD of the error term and 10% porpotion of
outliers) using Non-Parametric Bootstraps.

Rejection Frequency

Asymp. Raw Clean

λ n # Regressors ρ Level γc Parametric L1 L2 Variance L1 L2 Variance

Normal Distribution
6 50 5 0.0 0.01 0.05 Non-Parametric 0.998 0.000 0.000 0.000 0.372 0.392 0.938
6 100 5 0.0 0.01 0.05 Non-Parametric 1.000 0.000 0.000 0.506 0.790 0.880 1.000
6 200 5 0.0 0.01 0.05 Non-Parametric 1.000 0.000 0.000 1.000 0.964 0.998 1.000
6 400 5 0.0 0.01 0.05 Non-Parametric 1.000 0.000 0.000 1.000 1.000 1.000 1.000
6 50 5 0.0 0.05 0.05 Non-Parametric 0.998 0.000 0.000 0.004 0.694 0.766 0.976
6 100 5 0.0 0.05 0.05 Non-Parametric 1.000 0.000 0.000 0.886 0.926 0.962 1.000
6 200 5 0.0 0.05 0.05 Non-Parametric 1.000 0.000 0.000 1.000 0.988 1.000 1.000
6 400 5 0.0 0.05 0.05 Non-Parametric 1.000 0.000 0.000 1.000 1.000 1.000 1.000
6 50 5 0.5 0.01 0.05 Non-Parametric 0.990 0.000 0.000 0.000 0.000 0.000 0.010
6 100 5 0.5 0.01 0.05 Non-Parametric 1.000 0.000 0.000 0.504 0.000 0.000 0.562
6 200 5 0.5 0.01 0.05 Non-Parametric 1.000 0.000 0.000 1.000 0.000 0.000 1.000
6 400 5 0.5 0.01 0.05 Non-Parametric 1.000 0.000 0.000 1.000 0.000 0.000 1.000
6 50 5 0.5 0.05 0.05 Non-Parametric 0.994 0.000 0.000 0.000 0.000 0.000 0.036
6 100 5 0.5 0.05 0.05 Non-Parametric 1.000 0.000 0.000 0.844 0.000 0.000 0.844
6 200 5 0.5 0.05 0.05 Non-Parametric 1.000 0.000 0.000 1.000 0.000 0.000 1.000
6 400 5 0.5 0.05 0.05 Non-Parametric 1.000 0.000 0.000 1.000 0.000 0.000 1.000

t3 Distribution
6 50 5 0.0 0.01 0.05 Non-Parametric 0.930 0.000 0.000 0.000
6 100 5 0.0 0.01 0.05 Non-Parametric 0.926 0.000 0.000 0.198
6 200 5 0.0 0.01 0.05 Non-Parametric 0.978 0.000 0.000 0.756
6 400 5 0.0 0.01 0.05 Non-Parametric 0.994 0.000 0.000 0.934
6 50 5 0.0 0.05 0.05 Non-Parametric 0.964 0.000 0.000 0.006
6 100 5 0.0 0.05 0.05 Non-Parametric 0.970 0.000 0.000 0.480
6 200 5 0.0 0.05 0.05 Non-Parametric 0.988 0.000 0.000 0.886
6 400 5 0.0 0.05 0.05 Non-Parametric 0.998 0.000 0.000 0.954
6 50 5 0.5 0.01 0.05 Non-Parametric 0.916 0.000 0.000 0.000
6 100 5 0.5 0.01 0.05 Non-Parametric 0.956 0.000 0.000 0.170
6 200 5 0.5 0.01 0.05 Non-Parametric 0.992 0.000 0.000 0.758
6 400 5 0.5 0.01 0.05 Non-Parametric 0.996 0.000 0.000 0.934
6 50 5 0.5 0.05 0.05 Non-Parametric 0.960 0.000 0.000 0.000
6 100 5 0.5 0.05 0.05 Non-Parametric 0.984 0.000 0.000 0.464
6 200 5 0.5 0.05 0.05 Non-Parametric 0.994 0.000 0.000 0.866
6 400 5 0.5 0.05 0.05 Non-Parametric 0.998 0.000 0.000 0.968

Table C.19: Simulation performance under the alternatives for varying sample sizes when using the bootstrap imple-
mentations of our test for a Bad Leverage Point (outlier magnitude of 2 SD of the error term and 5% proportion of
outliers) using Non-Parametric Bootstraps.

Rejection Frequency

Asymp. Raw Clean

λ n # Regressors ρ Level γc Parametric L1 L2 Variance L1 L2 Variance

Normal Distribution
2 50 1 0 0.01 0.05 Non-Parametric 0.212 0.000 0.000 0.004 0.038 0.040 0.190
2 100 1 0 0.01 0.05 Non-Parametric 0.106 0.000 0.000 0.008 0.040 0.046 0.190
2 200 1 0 0.01 0.05 Non-Parametric 0.148 0.000 0.000 0.014 0.062 0.056 0.176
2 400 1 0 0.01 0.05 Non-Parametric 0.202 0.000 0.000 0.048 0.068 0.074 0.206
2 50 1 0 0.05 0.05 Non-Parametric 0.328 0.000 0.000 0.028 0.104 0.116 0.280
2 100 1 0 0.05 0.05 Non-Parametric 0.234 0.000 0.000 0.040 0.140 0.132 0.304
2 200 1 0 0.05 0.05 Non-Parametric 0.258 0.000 0.000 0.092 0.128 0.130 0.320
2 400 1 0 0.05 0.05 Non-Parametric 0.364 0.000 0.000 0.168 0.184 0.184 0.358
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Table C.20: Simulation performance under the alternatives for varying sample sizes when using the bootstrap imple-
mentations of our test for a Bad Leverage Point (outlier magnitude of 4 SD of the error term and 5% proportion of
outliers) using Non-Parametric Bootstraps.

Rejection Frequency

Asymp. Raw Clean

λ n # Regressors ρ Level γc Parametric L1 L2 Variance L1 L2 Variance

Normal Distribution
4 50 1 0 0.01 0.05 Non-Parametric 0.652 0.000 0.000 0.006 0.350 0.408 0.576
4 100 1 0 0.01 0.05 Non-Parametric 0.584 0.000 0.000 0.052 0.134 0.128 0.242
4 200 1 0 0.01 0.05 Non-Parametric 0.698 0.000 0.000 0.066 0.062 0.052 0.238
4 400 1 0 0.01 0.05 Non-Parametric 0.904 0.000 0.000 0.196 0.038 0.026 0.396
4 50 1 0 0.05 0.05 Non-Parametric 0.760 0.002 0.002 0.092 0.496 0.528 0.630
4 100 1 0 0.05 0.05 Non-Parametric 0.668 0.008 0.008 0.178 0.212 0.214 0.376
4 200 1 0 0.05 0.05 Non-Parametric 0.790 0.000 0.000 0.228 0.102 0.100 0.404
4 400 1 0 0.05 0.05 Non-Parametric 0.964 0.000 0.000 0.478 0.102 0.084 0.590

Table C.21: Simulation performance under the alternatives for varying sample sizes when using the bootstrap imple-
mentations of our test for a Bad Leverage Point (outlier magnitude of 6 SD of the error term and 5% proportion of
outliers) using Non-Parametric Bootstraps.

Rejection Frequency

Asymp. Raw Clean

λ n # Regressors ρ Level γc Parametric L1 L2 Variance L1 L2 Variance

Normal Distribution
6 50 1 0 0.01 0.05 Non-Parametric 0.764 0.000 0.000 0.000 0.564 0.612 0.660
6 100 1 0 0.01 0.05 Non-Parametric 0.614 0.000 0.000 0.014 0.070 0.072 0.128
6 200 1 0 0.01 0.05 Non-Parametric 0.672 0.000 0.000 0.022 0.002 0.002 0.070
6 400 1 0 0.01 0.05 Non-Parametric 0.874 0.000 0.000 0.042 0.000 0.000 0.080
6 50 1 0 0.05 0.05 Non-Parametric 0.840 0.002 0.000 0.092 0.628 0.648 0.680
6 100 1 0 0.05 0.05 Non-Parametric 0.732 0.010 0.010 0.050 0.092 0.082 0.194
6 200 1 0 0.05 0.05 Non-Parametric 0.768 0.000 0.000 0.072 0.006 0.006 0.194
6 400 1 0 0.05 0.05 Non-Parametric 0.928 0.000 0.000 0.124 0.000 0.000 0.174
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Table C.22: Simulation performance under the alternatives for varying sample sizes when using the bootstrap imple-
mentations of our test for vertical outliers (outlier magnitude of 2 SD of the error term and 5% (or 10%) proportion
of outliers) using Parametric Bootstraps.

Rejection Frequency

Asymp. Clean

λ n # Regressors ρ Level γc Parametric L1 L2 Variance

Normal Distribution
2 50 5 0.0 0.01 0.05 Parametric 0.360 0.112 0.128 0.314
2 100 5 0.0 0.01 0.05 Parametric 0.114 0.104 0.118 0.286
2 200 5 0.0 0.01 0.05 Parametric 0.112 0.156 0.186 0.362
2 400 5 0.0 0.01 0.05 Parametric 0.232 0.216 0.304 0.532
2 50 5 0.0 0.05 0.05 Parametric 0.484 0.258 0.254 0.418
2 100 5 0.0 0.05 0.05 Parametric 0.230 0.260 0.268 0.446
2 200 5 0.0 0.05 0.05 Parametric 0.270 0.350 0.406 0.560
2 400 5 0.0 0.05 0.05 Parametric 0.470 0.460 0.538 0.718
2 50 5 0.5 0.01 0.05 Parametric 0.396 0.110 0.116 0.330
2 100 5 0.5 0.01 0.05 Parametric 0.160 0.128 0.130 0.316
2 200 5 0.5 0.01 0.05 Parametric 0.112 0.138 0.142 0.314
2 400 5 0.5 0.01 0.05 Parametric 0.220 0.198 0.260 0.484
2 50 5 0.5 0.05 0.05 Parametric 0.526 0.272 0.270 0.460
2 100 5 0.5 0.05 0.05 Parametric 0.280 0.318 0.298 0.448
2 200 5 0.5 0.05 0.05 Parametric 0.256 0.310 0.322 0.500
2 400 5 0.5 0.05 0.05 Parametric 0.410 0.410 0.470 0.664

Table C.23: Simulation performance under the alternatives for varying sample sizes when using the bootstrap imple-
mentations of our test for vertical outliers (outlier magnitude of 4 SD of the error term and 5% (or 10%) proportion
of outliers) using Parametric Bootstraps.

Rejection Frequency

Asymp. Clean

λ n # Regressors ρ Level γc Parametric L1 L2 Variance

Normal Distribution
4 50 5 0.0 0.01 0.05 Parametric 0.864 0.402 0.454 0.794
4 100 5 0.0 0.01 0.05 Parametric 0.954 0.710 0.832 0.970
4 200 5 0.0 0.01 0.05 Parametric 0.996 0.908 0.980 1.000
4 400 5 0.0 0.01 0.05 Parametric 1.000 0.980 0.998 1.000
4 50 5 0.0 0.05 0.05 Parametric 0.920 0.672 0.706 0.868
4 100 5 0.0 0.05 0.05 Parametric 0.978 0.892 0.942 0.990
4 200 5 0.0 0.05 0.05 Parametric 1.000 0.974 0.996 1.000
4 400 5 0.0 0.05 0.05 Parametric 1.000 1.000 1.000 1.000
4 50 5 0.5 0.01 0.05 Parametric 0.844 0.390 0.434 0.762
4 100 5 0.5 0.01 0.05 Parametric 0.944 0.700 0.810 0.972
4 200 5 0.5 0.01 0.05 Parametric 0.996 0.878 0.972 0.998
4 400 5 0.5 0.01 0.05 Parametric 1.000 0.990 1.000 1.000
4 50 5 0.5 0.05 0.05 Parametric 0.908 0.670 0.722 0.846
4 100 5 0.5 0.05 0.05 Parametric 0.984 0.892 0.952 0.990
4 200 5 0.5 0.05 0.05 Parametric 1.000 0.960 0.996 1.000
4 400 5 0.5 0.05 0.05 Parametric 1.000 0.998 1.000 1.000
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Table C.24: Simulation performance under the alternatives for varying sample sizes when using the bootstrap imple-
mentations of our test for vertical outliers (outlier magnitude of 6 SD of the error term and 5% (or 10%) proportion
of outliers) using Parametric Bootstraps.

Rejection Frequency

Asymp. Clean

λ n # Regressors ρ Level γc Parametric L1 L2 Variance

Normal Distribution
6 50 5 0.0 0.01 0.05 Parametric 0.992 0.852 0.912 0.986
6 100 5 0.0 0.01 0.05 Parametric 1.000 0.988 0.998 1.000
6 200 5 0.0 0.01 0.05 Parametric 1.000 0.998 1.000 1.000
6 400 5 0.0 0.01 0.05 Parametric 1.000 1.000 1.000 1.000
6 50 5 0.0 0.05 0.05 Parametric 0.998 0.962 0.980 0.990
6 100 5 0.0 0.05 0.05 Parametric 1.000 1.000 1.000 1.000
6 200 5 0.0 0.05 0.05 Parametric 1.000 1.000 1.000 1.000
6 400 5 0.0 0.05 0.05 Parametric 1.000 1.000 1.000 1.000
6 50 5 0.5 0.01 0.05 Parametric 0.994 0.846 0.890 0.976
6 100 5 0.5 0.01 0.05 Parametric 1.000 0.982 0.994 0.998
6 200 5 0.5 0.01 0.05 Parametric 1.000 1.000 1.000 1.000
6 400 5 0.5 0.01 0.05 Parametric 1.000 1.000 1.000 1.000
6 50 5 0.5 0.05 0.05 Parametric 0.998 0.944 0.956 0.990
6 100 5 0.5 0.05 0.05 Parametric 1.000 0.998 0.998 1.000
6 200 5 0.5 0.05 0.05 Parametric 1.000 1.000 1.000 1.000
6 400 5 0.5 0.05 0.05 Parametric 1.000 1.000 1.000 1.000
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D Additional Application Results

D.1 Additional Results Using the Base and Adaptation Models

Detected outliers when using the base model are plotted in Figures D.1 and D.2, and the number of
positive/negative outliers aggregated over countries in Figure D.3 for the base model and in Figure
D.4 for the adaptation model.

0 1 2 3 4 5 6 7 8 9 10

Figure D.1: Detected outliers aggregated over the full sample of 1961 - 2017 by country in the panel in the base
model. Gray denotes no outliers detected.
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Figure D.2: Detected outliers using the robust IIS estimator across countries and time in the global cross-country
panel from 1961-2017 in the base model. The figure shows country-year observations as gray when not outlying, blue
when there is a negative outliers, and red for positive outliers.
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Figure D.3: Detected outliers using the robust IIS estimator across countries and time in the global cross-country
panel from 1961-2017 in the base model. The figure shows the number of positive and negative outliers summed over
countries for each year.
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Figure D.4: Detected outliers using the robust IIS estimator across countries and time in the global cross-country
panel from 1961-2017 in the adaptation model. The figure shows the number of positive and negative outliers summed
over countries for each year.
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D.2 Sensitivity of the Results to the Chosen Cut-off Level

Here we show additional estimation results when varying the cut-off level c used to classify obser-
vations as outlying. Tables below provide the results for c = 1.96 and c = 3.29 with an expected
false positive rate of 5% and 0.1% for a Normal reference distribution respectively.

Table D.1: OLS and IIS Panel Regression Results together with their difference in coefficients and the resulting outlier
distortion test statistic. Coefficients on control variables are omitted. IIS selection was carried out at γc = 0.05
(c = 1.96).

Base Base IIS Base Outlier
Distortion

Test

Adaptation Adaptation IIS Adaptation
Outlier

Distortion
Test

Temperature 0.01734*** 0.00934*** 50.91 -0.06224*** -0.03506*** 59.99
(0.00348) (0.00211) [<0.001] (0.01041) (0.00661) [<0.001]

Temperature2 -0.00059*** -0.00034*** 52.34 0.00070 0.00003 28.78
(0.0001) (0.00006) [<0.001] (0.00037) (0.00024) [<0.001]

Precipitation 0.00043 0.00098 2.39 0.01018 0.01554*** 8.47
(0.00111) (0.00067) [0.122] (0.00563) (0.00347) [0.004]

Precipitation2 -0.00004 -0.00004* 0.17 -0.00019 -0.00038** 8.92
(0.00003) (0.00002) [0.680] (0.00019) (0.00012) [0.003]

Temperature x GDPpc 0.00811*** 0.00420*** 109.42
(0.00111) (0.0007) [<0.001]

Temperature2 x GDPpc -0.00012** -0.00002 52.95
(0.00004) (0.00003) [<0.001]

Precipitation x GDPpc -0.00121 -0.00179*** 6.99
(0.00066) (0.00041) [0.008]

Precipitation2 x GDPpc 0.00002 0.00004** 8.3
(0.00002) (0.00001) [0.004]

Num. Outliers 299 306
Outlier Distortion test
statistic for Temp. Variables

χ2
2 = 54.8
[<0.001]

χ2
4 = 272.56
[<0.001]

Num.Obs. 7716 7716 7716 7716
BIC -18483.2 -24137.8 -18801.4 -24346.8
Log.Lik. 11774.742 15940.230 11951.758 16093.982
Fixed Effects Country & Year Country & Year Country & Year Country & Year

Please note that the estimated coefficients on Precipitation2 by OLS and IIS are very close but not exactly equal in the base model. Thus,

its outlier distortion test statistics is not zero.

(Standard Errors) and [p-values]

* p < 0.05, ** p < 0.01, *** p < 0.001
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Table D.2: OLS and IIS Panel Regression Results together with their difference in coefficients and the resulting outlier
distortion test statistic. Coefficients on control variables are omitted. IIS selection was carried out at γc = 0.001
(c = 3.29).

Base Base IIS Base Outlier
Distortion

Test

Adaptation Adaptation IIS Adaptation
Outlier

Distortion
Test

Temperature 0.01734*** 0.01135*** 462.62 -0.06224*** -0.02983*** 1409.44
(0.00348) (0.00249) [<0.001] (0.01041) (0.0077) [<0.001]

Temperature2 -0.00059*** -0.00041*** 461.08 0.00070 -0.00018 830.53
(0.0001) (0.00007) [<0.001] (0.00037) (0.00027) [<0.001]

Precipitation 0.00043 0.00051 0.75 0.01018 0.01238** 22.93
(0.00111) (0.00079) [0.388] (0.00563) (0.00411) [<0.001]

Precipitation2 -0.00004 -0.00004 0.76 -0.00019 -0.00028* 31.23
(0.00003) (0.00002) [0.384] (0.00019) (0.00014) [<0.001]

Temperature x GDPpc 0.00811*** 0.00392*** 2080.06
(0.00111) (0.00082) [<0.001]

Temperature2 x GDPpc -0.00012** 0.00000 1143.24
(0.00004) (0.00003) [<0.001]

Precipitation x GDPpc -0.00121 -0.00141** 12.82
(0.00066) (0.00049) [<0.001]

Precipitation2 x GDPpc 0.00002 0.00003 25.11
(0.00002) (0.00002) [<0.001]

Num. Outliers 101 92
Outlier Distortion test
statistic for Temp. Variables

χ2
2 = 489.82
[<0.001]

χ2
4 = 3768.21
[<0.001]

Num.Obs. 7716 7716 7716 7716
BIC -18483.2 -22967.3 -18801.4 -23103.9
Log.Lik. 11774.742 14468.820 11951.758 14514.735
Fixed Effects Country & Year Country & Year Country & Year Country & Year

Please note that the estimated coefficients on Precipitation2 by OLS and IIS are very close but not exactly equal in the base model. Thus,

its outlier distortion test statistics is not zero.

(Standard Errors) and [p-values]

* p < 0.05, ** p < 0.01, *** p < 0.001

D.3 Adaptation Using Lagged Income Levels

Here we provide additional results when estimating the macro-economic impacts of temperatures.
To alleviate concerns around feedback between ∆log(y)i,t and temperature interacted with log(y)i,t,
we also present a model using log(y)i,t−1 to capture adaptation (see equation (D.1) below):

∆log(y)i,t = αi + λt + β1Ti,t + β2T
2
i,t + β3 [Ti,t × log(y)i,t−1] + β4

[
T 2
i,t × log(y)i,t−1

]
+ x′i,tγ + ui,t. (D.1)

Estimation results using (D.1) are shown below in Figure D.5, with the resulting estimated
non-linear relationship shown in D.6. Detected outliers are shown in Figures D.7 and D.8. Tables
below provide the estimation results using lagged income interactions for varying cut-offs c = 2.57
(for a 1% false positive rate for a Normal reference distribution) to c = 3.29 (for 0.1% expected
false positive rate) and c = 1.96 (for a 5% false positive rate).
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Allowing for Adaptation and Controlling for Outliers. Coefficients on temperatures and the income interaction terms
are shown using OLS and the robust IIS estimator. Note that scale of the y-axis differs across plots.
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Figure D.7: Detected outliers using the robust IIS estimator across countries and time in the global cross-country panel
from 1961-2017 in the adaptation model with lagged GDP per capita. The figure shows country-year observations as
gray when not outlying, blue when there is a negative outliers, and red for positive outliers.
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Figure D.8: Detected outliers aggregated over the full sample of 1961 - 2017 by country in the panel in the adaptation
model with lagged GDP per capita. Gray denotes no outliers detected.
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Table D.3: OLS and IIS Panel Regression Results together with their difference in coefficients and the resulting outlier
distortion test statistic. Coefficients on control variables are omitted. IIS selection was carried out at γc = 0.01
(c = 2.57).

Lagged Adaptation Lagged Adaptation IIS Lagged
Adaptation
Outlier

Distortion
Test

Temperature 0.14234*** 0.09637*** 186.25
(0.01003) (0.00703) [<0.001]

Temperature2 -0.00335*** -0.00226*** 88.57
(0.00036) (0.00025) [<0.001]

Precipitation -0.00212 0.01125** 7.86
(0.00551) (0.00382) [0.005]

Precipitation2 -0.00004 -0.00032* 17.55
(0.00019) (0.00013) [<0.001]

Temperature x Lag(GDPpc) -0.01339*** -0.00927*** 317.59
(0.00107) (0.00075) [<0.001]

Temperature2 x Lag(GDPpc) 0.00030*** 0.00021*** 148.17
(0.00004) (0.00003) [<0.001]

Precipitation x Lag(GDPpc) 0.00035 -0.00124** 6.86
(0.00065) (0.00045) [0.009]

Precipitation2 x Lag(GDPpc) 0.00000 0.00003* 17.52
(0.00002) (0.00002) [<0.001]

Num. Outliers 158
Outlier Distortion test
statistic for Temp. Variables

χ2
4 = 1022.68
[<0.001]

Num.Obs. 7716 7716
BIC -19066.8 -23825.7
Log.Lik. 12084.427 15171.040
Two Way Fixed Effects Yes Yes

(Standard Errors) and [p-values]

* p < 0.05, ** p < 0.01, *** p < 0.001
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Table D.4: OLS and IIS Panel Regression Results together with their difference in coefficients and the resulting outlier
distortion test statistic. Coefficients on control variables are omitted. IIS selection was carried out at γc = 0.001
(c = 3.29).

Lagged Adaptation Lagged Adaptation IIS Lagged
Adaptation
Outlier

Distortion
Test

Temperature 0.14234*** 0.09848*** 1409.44
(0.01003) (0.0074) [<0.001]

Temperature2 -0.00335*** -0.00222*** 830.53
(0.00036) (0.00026) [<0.001]

Precipitation -0.00212 0.01137** 22.93
(0.00551) (0.00404) [<0.001]

Precipitation2 -0.00004 -0.00035* 31.23
(0.00019) (0.00014) [<0.001]

Temperature x Lag(GDPpc) -0.01339*** -0.00928*** 2080.06
(0.00107) (0.00079) [<0.001]

Temperature2 x Lag(GDPpc) 0.00030*** 0.00020*** 1143.24
(0.00004) (0.00003) [<0.001]

Precipitation x Lag(GDPpc) 0.00035 -0.00125** 12.82
(0.00065) (0.00048) [<0.001]

Precipitation2 x Lag(GDPpc) 0.00000 0.00004* 25.11
(0.00002) (0.00002) [<0.001]

Num. Outliers 103
Outlier Distortion test
statistic for Temp. Variables

χ2
4 = 4778.56
[<0.001]

Num.Obs. 7716 7716
BIC -19066.8 -23267.9
Log.Lik. 12084.427 14645.982
Two Way Fixed Effects Yes Yes

(Standard Errors) and [p-values]

* p < 0.05, ** p < 0.01, *** p < 0.001
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Table D.5: OLS and IIS Panel Regression Results together with their difference in coefficients and the resulting outlier
distortion test statistic. Coefficients on control variables are omitted. IIS selection was carried out at γc = 0.05
(c = 1.96).

Lagged Adaptation Lagged Adaptation IIS Lagged
Adaptation
Outlier

Distortion
Test

Temperature 0.14234*** 0.09224*** 59.99
(0.01003) (0.00653) [<0.001]

Temperature2 -0.00335*** -0.00224*** 28.78
(0.00036) (0.00023) [<0.001]

Precipitation -0.00212 0.01346*** 8.47
(0.00551) (0.00344) [0.004]

Precipitation2 -0.00004 -0.00036** 8.92
(0.00019) (0.00012) [0.003]

Temperature x Lag(GDPpc) -0.01339*** -0.00864*** 109.42
(0.00107) (0.00069) [<0.001]

Temperature2 x Lag(GDPpc) 0.00030*** 0.00020*** 52.95
(0.00004) (0.00003) [<0.001]

Precipitation x Lag(GDPpc) 0.00035 -0.00148*** 6.99
(0.00065) (0.00041) [0.008]

Precipitation2 x Lag(GDPpc) 0.00000 0.00004** 8.3
(0.00002) (0.00001) [0.004]

Num. Outliers 308
Outlier Distortion test
statistic for Temp. Variables

χ2
4 = 472.44
[<0.001]

Num.Obs. 7716 7716
BIC -19066.8 -24457.0
Log.Lik. 12084.427 16158.022
Two Way Fixed Effects Yes Yes

(Standard Errors) and [p-values]

* p < 0.05, ** p < 0.01, *** p < 0.001
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1 Additional Figures 

 
Figure A1: Projected country-level climate impacts accounting for Income Adaptation relative to 
the ‘no future climate change’ baseline (top panel) and relative to the baseline in 2017 in the 
Muller, Stock, and Watson (MSW) data (bottom panel) for China, India, Russia, and the United 
States. Colour-gradient denotes level of Global Mean Surface Temperature (GMST) warming in 
2090-2099 relative to pre-industrial temperatures. 
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Figure A2: Projected difference in GDP per capita under different GMST warming levels in 2090-
2100 relative to ‘no future climate change’ long-run forecasts for LASSO selected models.  
Countries are shaded grey if 90% projection interval of impacts includes zero or no value is 
available. Values were calculated as means across all realisations. Values were aggregated using 
the GMST anomaly of each climate model run, which as rounded to the nearest integer (apart 
from the 1.5°C map, which includes all model runs below 1.75°C where the 2°C map includes all 
values above 1.75°C and below 2.5°C). The maximum GMST anomaly of any CMIP5 model 
considered is 5.9°C, so the map under the label 6°C includes all models above 5.5°C up to the 
maximum of 5.9°C. Baseline uses Muller, Stock, and Watson (MSW) GDP per capita forecasts using 
the 100 year forecast value (Hundred). 
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Figure A3: Projected difference in GDP per capita under different GMST warming levels in 2090-
2100 relative to ‘no future climate change’ long-run forecasts for gets selected models.  Countries 
are shaded grey if 90% projection interval of impacts includes zero or no value is available. Values 
were calculated as means across all realisations. Values were aggregated using the GMST anomaly 
of each climate model run, which as rounded to the nearest integer (apart from the 1.5°C map, 
which includes all model runs below 1.75°C where the 2°C map includes all values above 1.75°C 
and below 2.5°C). The maximum GMST anomaly of any CMIP5 model considered is 5.9°C, so the 
map under the label 6°C includes all models above 5.5°C up to the maximum of 5.9°C. Baseline 
uses Muller, Stock, and Watson (MSW) GDP per capita forecasts using the 100 year forecast value 
(Hundred). 
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Figure A4: Projected difference in GDP per capita under different GMST warming levels in 2090-
2100 relative to the SSP2 baseline for gets selected models.  Countries are shaded grey if 90% 
projection interval of impacts includes zero or no value is available. Values were calculated as 
means across all realisations. Values were aggregated using the GMST anomaly of each climate 
model run, which as rounded to the nearest integer (apart from the 1.5°C map, which includes all 
model runs below 1.75°C where the 2°C map includes all values above 1.75°C and below 2.5°C). 
The maximum GMST anomaly of any CMIP5 model considered is 5.9°C, so the map under the label 
6°C includes all models above 5.5°C up to the maximum of 5.9°C. Baseline uses the Shared Socio-
Economic Pathways Scenario 2 (SSP2) GDP per capita projections. 
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Figure A5: Uncertainty in projected difference in GDP per capita under different GMST warming 

levels in 2090-2100 relative to the MSW baseline for gets selected models.  Countries are shaded 

grey if no value is available. Values represent the consistency of effects across the IQR, 90% 

Confidence Interval and 95% Confidence Interval calculated as means across all realisations. 

Values were aggregated using the GMST anomaly of each climate model run, which as rounded to 

the nearest integer (apart from the 1.5°C map, which includes all model runs below 1.75°C where 

the 2°C map includes all values above 1.75°C and below 2.5°C). The maximum GMST anomaly of 

any CMIP5 model considered is 5.9°C, so the map under the label 6°C includes all models above 

5.5°C up to the maximum of 5.9°C. 
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2 Climate Variable Overview 
A detailed description of all Climate Extreme Indicators can be found at 

https://www.climdex.org/learn/indices/. 

Table A1. Extreme Climate Variables as defined by the Expert Team on Climate Change Detection 

and Indices (definitions taken from Donat et al., 2013). 

Indicator  Indicator Name  Indicator Definition  Units 

CDD  Consecutive dry days                     
Maximum number of consecutive days when 
precipitation < 1 mm  

 days 

CSDI  Cold spell duration index                
Annual count when at least six consecutive days 
of min temperature < 10th percentile  

 days 

CWD  Consecutive wet days                     
Maximum number of consecutive days when 
precipitation > 1 mm  

 days 

DTR  Diurnal temperature range                
Monthly mean difference between daily max 
and min temperature  

 °C 

FD  Frost days                               
Annual count when daily minimum temperature 
< 0°C  

 days 

GSL  Growing season length                    

Annual (1st Jan to 31st Dec in NH, 1st July to 
30th June in SH) count between first span of at 
least 6 days with TG > 5°C and first span after 
July 1 (January 1 in SH) of 6 days with TG < 5°C 
(where TG is daily mean temperature)  

 days 

ID  Ice days                                 
Annual count when daily maximum 
temperature < 0°C  

 days 

PRCPTOT  Annual total wet day precipitation       Annual total precipitation from days > 1 mm   mm 

R10mm  Number of heavy precipitation days       Annual count when precipitation ≥ 10 mm   days 

R1mm  Number of precipitation days       Annual count when precipitation ≥ 1 mm   days 

R20mm  Number of very heavy precipitation days  Annual count when precipitation ≥ 20 mm   days 

R95p  Very wet days                            
Annual total precipitation from days > 95th 
percentile  

 mm 

R99p  Extremely wet days                       
Annual total precipitation from days > 99th 
percentile  

 mm 

Rx1day  Max 1 day precipitation amount           Monthly maximum 1 day precipitation   mm 

Rx5day  Max 5 day precipitation amount           
Monthly maximum consecutive 5 day 
precipitation  

 mm 

SDII  Simple daily intensity index             
The ratio of annual total precipitation to the 
number of wet days (≥ 1mm) 

 mm/ day 

SU  Summer days                              
Annual count when daily max temperature > 
25°C   

 days 

TN10p  Cool nights 
Percentage of time when daily min temperature 
< 10th percentile  

 % 

TN90p  Warm nights                              
Percentage of time when daily min temperature 
> 90th percentile  

 % 

TNn  Coldest night  
Monthly minimum value of daily min 
temperature  

 °C 

TNx  Warmest nigh  
Monthly maximum value of daily min 
temperature  

 °C 

TR  Tropical nights                          
Annual count when daily min temperature > 
20°C   

 days 

TX10p  Cool days                                
Percentage of time when daily max 
temperature < 10th percentile  

 % 

TX90p  Warm days                                
Percentage of time when daily max 
temperature > 90th percentile  

 % 

TXn  Coldest day  
Monthly minimum value of daily max 
temperature  

 °C 

TXx  Hottest day 
Monthly maximum value of daily max 
temperature  

 °C   

WSDI  Warm spell duration index                
Annual count when at least six consecutive days 
of max temperature > 90th percentile  

 days 
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2.1 Summary Statistics 

Table A2. Summary Statistics of the Selection Variables used in all Models 

Summary Statistics 

Statistic N Mean St. Dev. Min Pctl(25) Pctl(75) Max 

ΔLog(GDP per capita) 6,536 0.019 0.062 -1.050 -0.003 0.046 0.878 

Annual Average Temperature 6,536 19.402 7.013 -1.967 13.774 25.500 29.853 

Annual Average Precipitation 6,536 9.731 6.079 0.067 5.366 12.798 37.104 

CDD 6,536 66.670 71.035 2.924 21.595 84.728 767.832 

CSDI 6,536 3.438 4.815 0.000 0.586 4.578 107.293 

CWD 6,536 31.873 29.424 0.642 9.809 48.624 254.683 

DTR 6,536 7.813 3.526 0.875 5.404 10.178 16.696 

FD 6,536 29.857 48.070 0.000 0.000 44.998 237.323 

GSL 6,536 332.225 56.569 45.107 315.173 365.000 366.000 

ID 6,536 9.250 22.068 0.000 0.000 4.564 160.502 

PRCPTOT 6,536 1,213.533 887.027 2.852 574.446 1,758.374 6,263.758 

R10mm 6,536 38.691 33.066 0.000 14.700 55.315 251.752 

R1mm 6,536 150.340 78.396 0.716 92.720 215.402 337.184 

R20mm 6,536 8.917 10.363 0.000 2.195 11.931 106.953 

R95p 6,536 236.716 205.363 0.000 98.779 316.589 1,756.307 

R99p 6,536 74.899 77.687 0.000 24.518 98.428 956.574 

Rx1day 6,536 41.502 19.955 1.603 26.395 53.463 137.613 

Rx5day 6,536 94.704 49.498 2.456 58.375 122.139 358.305 

SDII 6,536 7.423 2.336 0.952 5.729 8.691 21.146 

SU 6,536 200.014 124.220 0.000 78.027 321.855 366.000 

TN10p 6,536 9.797 4.023 0.216 7.088 11.857 53.207 

TN90p 6,536 12.041 6.376 0.126 8.110 14.740 72.559 

TNn 6,536 3.289 14.615 -42.462 -6.850 15.815 25.335 

TNx 6,536 23.965 4.146 9.722 21.010 27.012 36.104 

TR 6,536 150.340 134.160 0.000 25.618 281.301 366.000 

TX10p 6,536 9.703 4.435 0.000 6.733 11.816 51.491 

TX90p 6,536 12.083 6.142 0.056 8.048 14.879 76.309 

TXn 6,536 11.674 12.967 -31.970 1.081 22.719 27.008 

TXx 6,536 34.722 5.573 12.775 30.712 38.034 50.700 

WSDI 6,536 7.960 11.807 -0.026 1.433 10.284 223.540 
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2.2 Climate Data Processing Information 

All climate variables, apart from annual average temperature and precipitation, used in the estimation 

were obtained from an average of four reanalysis products (ERA-Interim, ERA40, NCEP-Reanalysis 1 

and NCEP-Reanalysis 2) produced by Sillmann et al. (2013a). All spatial datasets were bilinearly 

resampled to a 2.5° by 2.5° grid using the resample function of the R “raster” package. All four 

reanalysis products were averaged for each variable and then a 2015-population (CIESIN, 2016) 

weighted average over a countries spatial area was taken. Temperature variables, where needed, 

were converted from Kelvin to °C by subtracting 273.15 from each value. Annual average 

temperatures and precipitation were obtained from Matsuura and Willmott (2018) and processed in 

the same way. 

A similar methodology, with regard to resampling and taking a weighted average, was employed for 

the projected climate variables over the period of 2007 to 2099 obtained from Sillmann et al. (2013b), 

although each CMIP5 model and ensemble combination was treated independently of its forcing 

scenario. Each CMIP5 model/ensemble combination was categorised by its global mean surface 

temperature anomaly to pre-industrial temperatures in the period of 2090-2099. Ensemble specific 

global mean surface temperature anomalies were calculated and verified with data obtained from the 

KNMI Climate Explorer. The verification data can be downloaded here: 

https://climexp.knmi.nl/CMIP5/Tglobal/.  

The SSP base projections on population and GDP used in this paper were obtained from the IIASA 

(2013) database (see Riahi et al., 2017 for an overview), with the GDP data produced by the OECD 

(Dellink et al., 2017) and population projected by KC and Lutz (2017).  
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3 Full Estimation results 

3.1 Standard Model Results 

Table A3. Standard Regression Model Results for gets, LASSO (re-estimated post-selection) and 
AATPsq 

Standard Model Results  
Dependent variable:  
Δlog GDP per capita  

gets LASSO AATPsq  
(1) (2) (3) 

Δlog(GDP per capita)i,t-1 0.120*** 0.121*** 0.121***  
(0.011) (0.011) (0.011) 

Temp 0.006** 
 

0.009***  
(0.003) 

 
(0.003) 

Temp2 -0.0003*** -0.0002*** -0.0003***  
(0.0001) (0.00005) (0.0001) 

R1mm 0.0001** 
  

 
(0.00004) 

  

Rx1day -0.0002** -0.0001** 
 

 
(0.0001) (0.0001) 

 

TNx 0.002*** 0.002** 
 

 
(0.001) (0.001) 

 

TR -0.0002** 
  

 
(0.0001) 

  

TX10p -0.0004** -0.0003** 
 

 
(0.0002) (0.0002) 

 

Prcp. 
  

0.001    
(0.001) 

Prcp2 
  

-0.00004    
(0.00003) 

Time Fixed Effects Yes Yes Yes 

Country Fixed Effects Yes Yes Yes 

Country-Time Trends Yes Yes Yes 

Squared Country-Time 

Trends 

Yes Yes Yes 

Impulse Indicator Saturation Yes Yes Yes 

Observations 6,536 6,536 6,536 

Residual Std. Error 0.039 (df = 5876) 0.039 (df = 5879) 0.039 (df = 5879) 

F Statistic 17.873*** (df = 660; 

5876) 

17.886*** (df = 657; 

5879) 

17.881*** (df = 657; 

5879) 

Note: *p<0.1; **p<0.05; ***p<0.01 
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Table A4. Standard Regression Model Results for Bayesian Model Selection with a Uniform Prior. 
Output generated using the coef.bma() command in the BMS R-package (Zeugner and Feldkircher, 
2015). Here, ‘PIP’ refers to the posterior inclusion probability, ‘Post Mean’ and ‘Post SD’ refer to 
the posterior expected value of coefficients and standard deviation and ‘cond. Pos. Sign’ refers to 
the ratio of how often the coefficients' expected values were positive conditional on inclusion. 

Bayesian Model Selection - Uniform Prior  
PIP Post Mean Post SD cond. Pos. Sign 

Δlog(GDP per capita)i,t-1 1 0.121 0.010 1 

Temp2 0.133 -0.148 0.434 0 

Temp 0.089 0.108 0.360 1 

TR 0.076 -0.032 0.121 0 

ID 0.031 0.0002 0.011 0.138 

TN90p 0.024 -0.001 0.004 0 

R95p 0.023 -0.001 0.005 0 

TN90p2 0.021 -0.001 0.005 0 

R99p 0.019 -0.001 0.004 0 

TX90p2 0.018 -0.001 0.004 0 

GSL 0.018 0.001 0.013 1 

WSDI 0.017 -0.0003 0.003 0 

TXx 0.013 0.001 0.009 1 

Rx1day 0.011 -0.001 0.006 0 

TNx 0.005 0.001 0.013 1 

TX90p 0.004 -0.0001 0.002 0 

SU 0.002 -0.0003 0.009 0 
 

 

Table A5. Standard Regression Model Results for Bayesian Model Selection with a Fixed Prior. 
Output generated using the coef.bma() command in the BMS R-package (Zeugner and Feldkircher, 
2015). Here, ‘PIP’ refers to the posterior inclusion probability, ‘Post Mean’ and ‘Post SD’ refer to 
the posterior expected value of coefficients and standard deviation and ‘cond. Pos. Sign’ refers to 
the ratio of how often the coefficients' expected values were positive conditional on inclusion. 

Bayesian Model Selection - Fixed Prior  
PIP Post Mean Post SD cond. Pos. Sign 

Δlog(GDP per capita)i,t-1 1 0.121 0.010 1 

Rx1day2 0.301 -0.017 0.028 0 

TN90p2 0.198 -0.007 0.015 0 

TX10p 0.047 -0.001 0.007 0 

Temp2 0.043 -0.037 0.205 0 

TR 0.039 -0.018 0.093 0 

Prcp2 0.030 -0.001 0.008 0 

Rx1day 0.020 -0.001 0.007 0 

PRCPTOT 0.016 0.001 0.011 1 

Temp 0.014 0.014 0.125 1 

Rx5day2 0.010 -0.0003 0.004 0 

TNx 0.009 0.001 0.017 1 

R10mm 0.006 0.0001 0.004 1 

PRCPTOT2 0.003 -0.0001 0.002 0 

SDII 0.002 0.0001 0.003 1 

TN90p 0.002 -0.0001 0.001 0 

TX90p 0.001 0.00001 0.001 1 
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Table A6. Standard Regression Model Results for Bayesian Model Selection with a PIP Prior. 
Output generated using the coef.bma() command in the BMS R-package (Zeugner and Feldkircher, 
2015). Here, ‘PIP’ refers to the posterior inclusion probability, ‘Post Mean’ and ‘Post SD’ refer to 
the posterior expected value of coefficients and standard deviation and ‘cond. Pos. Sign’ refers to 
the ratio of how often the coefficients' expected values were positive conditional on inclusion. 

Bayesian Model Selection - PIP Prior  
PIP Post Mean Post SD cond. Pos. Sign 

Δlog(GDP per capita)i,t-1 1 0.121 0.010 1 

Rx1day2 0.114 -0.007 0.024 0 

TR 0.072 -0.031 0.116 0 

Rx1day 0.052 -0.001 0.017 0.179 

SU 0.047 -0.008 0.042 0 

TNx 0.034 0.004 0.026 1 

WSDI 0.027 -0.001 0.005 0 

TX90p 0.019 -0.0003 0.003 0 

TX10p2 0.019 -0.0003 0.004 0 

CWD2 0.008 0.0001 0.002 1 

Temp2 0.007 -0.003 0.041 0 

R20mm2 0.007 -0.0001 0.002 0 
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3.2 Adaptation Model Results 

Table A7. Regression Model Results for gets and LASSO models incorporating Adaptation. 
Adaptation Model Results  

Dependent variable:  
delta log GDP per capita  

gets First LASSO First gets Last LASSO Last gets Income 

Adaptation 

LASSO Income 

Adaptation  
(1) (2) (3) (4) (5) (6)  

L1.diff.ln_gdp_cap 0.069*** 0.069*** 0.089*** 0.091*** 0.080*** 0.081***  
(0.016) (0.016) (0.012) (0.012) (0.011) (0.011) 

temp 0.002 
 

0.007** 
 

-0.005 
 

 
(0.005) 

 
(0.003) 

 
(0.013) 

 

temp_2 -0.0003** -0.0003*** -0.0003*** -0.0002*** -0.001* -0.001***  
(0.0001) (0.0001) (0.0001) (0.0001) (0.0004) (0.0002) 

R1mm 0.0001** 
 

0.0001** 
 

0.0004* 
 

 
(0.0001) 

 
(0.0001) 

 
(0.0002) 

 

Rx1day -0.0003** -0.0002** -0.0002*** -0.0002** -0.0004 -0.0003  
(0.0001) (0.0001) (0.0001) (0.0001) (0.0004) (0.0004) 

TNx 0.001 -0.0002 0.002** 0.002** -0.013*** -0.016***  
(0.002) (0.002) (0.001) (0.001) (0.005) (0.003) 

TR -0.0001 
 

-0.0001 
 

0.001 
 

 
(0.0001) 

 
(0.0001) 

 
(0.0003) 

 

TX10p -0.001*** -0.001*** -0.0002 -0.0003 -0.003*** -0.001  
(0.0003) (0.0003) (0.0002) (0.0002) (0.001) (0.001) 

temp_gdppc_int 
    

0.001 
 

     
(0.001) 

 

temp_2_gdppc_int 
    

0.0001 0.0001***      
(0.00005) (0.00002) 

R1mm_gdppc_int 
    

-0.00004 
 

     
(0.00003) 

 

Rx1day_gdppc_int 
    

0.00003 0.00001      
(0.00005) (0.00005) 

TNx_gdppc_int 
    

0.002*** 0.002***      
(0.001) (0.0004) 

TR_gdppc_int 
    

-0.0001** 
 

     
(0.00004) 

 

TX10p_gdppc_int 
    

0.0003** 0.0001      
(0.0001) (0.0001) 

Time Fixed Effects Yes Yes Yes Yes Yes Yes 

Country Fixed 

Effects 

Yes Yes Yes Yes Yes Yes 

Country-Time Trends Yes Yes Yes Yes Yes Yes 

Squared Country-

Time Trends 

Yes Yes Yes Yes Yes Yes 

Impulse Indicator 
Saturation 

Yes Yes Yes Yes Yes Yes 

Observations 3,444 3,444 4,644 4,644 6,536 6,536 

Residual Std. Error 0.042 (df = 

2937) 

0.042 (df = 

2940) 

0.037 (df = 

4030) 

0.037 (df = 

4033) 

0.039 (df = 

5869) 

0.039 (df = 

5875) 

F Statistic 10.196*** (df = 
507; 2937) 

10.232*** (df = 
504; 2940) 

17.038*** (df = 
614; 4030) 

17.075*** (df = 
611; 4033) 

18.524*** (df = 
667; 5869) 

18.604*** (df = 
661; 5875) 

Note: *p<0.1; **p<0.05; ***p<0.01 
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4 CMIP5 Climate Models Overview 
Table A8. CMIP5 Model runs used in the projections (Part 1). 

CMIP5 Models Considered and Selected 

Model RCP Ensemble End of Century 

Temperature 

gets LASSO AATPsq BMS-

Uniform 

BMS-

Fixed 

BMS-

PIP 

MRI-CGCM3 2.6 r1i1p1 1.355 Y Y Y Y Y Y 

NorESM1-M 2.6 r1i1p1 1.378 N N N N N N 

MIROC5 2.6 r2i1p1 1.441 Y Y Y Y Y Y 

MIROC5 2.6 r1i1p1 1.491 Y Y Y Y Y Y 

MPI-ESM-LR 2.6 r1i1p1 1.619 Y Y Y Y Y Y 

MPI-ESM-LR 2.6 r3i1p1 1.637 Y Y Y Y Y Y 

MPI-ESM-MR 2.6 r1i1p1 1.653 Y Y Y Y Y Y 

MIROC5 2.6 r3i1p1 1.669 Y Y Y Y Y Y 

CNRM-CM5 2.6 r1i1p1 1.679 Y Y Y Y Y Y 

MPI-ESM-LR 2.6 r2i1p1 1.697 Y Y Y Y Y Y 

CSIRO-Mk3-

6-0 

2.6 r4i1p1 1.737 N N Y Y Y Y 

bcc-csm1-1-m 2.6 r1i1p1 1.78 Y Y Y Y Y Y 

CSIRO-Mk3-
6-0 

2.6 r8i1p1 1.804 N N Y Y Y Y 

GISS-E2-R 4.5 r4i1p2 1.809 N N Y Y Y Y 

CCSM4 2.6 r1i1p1 1.817 N N Y Y Y Y 

GISS-E2-R 4.5 r1i1p1 1.817 N N Y Y Y Y 

CCSM4 2.6 r3i1p1 1.818 N N Y Y Y Y 

inmcm4 4.5 r1i1p1 1.832 Y Y Y Y Y Y 

GISS-E2-R 4.5 r5i1p2 1.837 N N Y Y Y Y 

EC-EARTH 4.5 r7i1p1 1.838 N N Y Y Y Y 

CCSM4 2.6 r5i1p1 1.847 N N Y Y Y Y 

CSIRO-Mk3-
6-0 

2.6 r3i1p1 1.849 N N Y Y Y Y 

bcc-csm1-1 2.6 r1i1p1 1.858 N N Y Y Y Y 

GISS-E2-R 4.5 r3i1p2 1.859 N N Y Y Y Y 

CCSM4 2.6 r4i1p1 1.86 N N Y Y Y Y 

GISS-E2-R 4.5 r1i1p2 1.862 N N Y Y Y Y 

EC-EARTH 4.5 r14i1p1 1.865 N N Y Y Y Y 

EC-EARTH 4.5 r5i1p1 1.874 N N Y Y Y Y 

GISS-E2-R 4.5 r2i1p1 1.874 N N Y Y Y Y 

CSIRO-Mk3-

6-0 

2.6 r2i1p1 1.877 N N Y Y Y Y 

CCSM4 2.6 r2i1p1 1.878 Y Y Y Y Y Y 

GISS-E2-R 4.5 r4i1p1 1.885 N N Y Y Y Y 

GISS-E2-R 4.5 r6i1p1 1.887 Y Y Y Y Y Y 

GISS-E2-R 4.5 r3i1p1 1.914 N N Y Y Y Y 

GISS-E2-R 4.5 r2i1p2 1.937 N N Y Y Y Y 

CSIRO-Mk3-
6-0 

2.6 r5i1p1 1.938 N N Y Y Y Y 

CSIRO-Mk3-

6-0 

2.6 r10i1p1 1.94 N N Y Y Y Y 

CSIRO-Mk3-
6-0 

2.6 r7i1p1 1.94 N N Y Y Y Y 

IPSL-CM5A-

MR 

2.6 r1i1p1 1.967 Y Y Y Y Y Y 

CSIRO-Mk3-
6-0 

2.6 r1i1p1 1.977 N N Y Y Y Y 

CSIRO-Mk3-

6-0 

2.6 r9i1p1 1.984 N N Y Y Y Y 

GISS-E2-R 4.5 r5i1p1 1.993 N N Y Y Y Y 

CSIRO-Mk3-

6-0 

2.6 r6i1p1 2.054 N N Y Y Y Y 

MRI-CGCM3 4.5 r1i1p1 2.12 Y Y Y Y Y Y 

MIROC5 4.5 r1i1p1 2.214 Y Y Y Y Y Y 

IPSL-CM5A-

LR 

2.6 r2i1p1 2.215 Y Y Y Y Y Y 

IPSL-CM5A-

LR 

2.6 r3i1p1 2.233 Y Y Y Y Y Y 

MIROC5 4.5 r2i1p1 2.239 Y Y Y Y Y Y 

IPSL-CM5A-

LR 

2.6 r4i1p1 2.248 Y Y Y Y Y Y 

 

 

210



 

 
 

Table A9. CMIP5 Model runs used in the projections (Part 2). 
CMIP5 Models Considered and Selected 

Model RCP Ensemble End of Century 
Temperature 

gets LASSO AATPsq BMS-
Uniform 

BMS-
Fixed 

BMS-
PIP 

IPSL-CM5A-LR 2.6 r1i1p1 2.279 Y Y Y Y Y Y 

GISS-E2-R 4.5 r1i1p3 2.335 N N Y Y Y Y 

MIROC-ESM-

CHEM 

2.6 r1i1p1 2.351 N N Y Y Y Y 

MRI-CGCM3 6 r1i1p1 2.351 Y Y Y Y Y Y 

GISS-E2-R 4.5 r4i1p3 2.355 N N Y Y Y Y 

MIROC5 4.5 r3i1p1 2.357 Y Y Y Y Y Y 

GISS-E2-R 4.5 r6i1p3 2.407 Y Y Y Y Y Y 

GISS-E2-R 4.5 r2i1p3 2.414 N N Y Y Y Y 

MIROC-ESM 2.6 r1i1p1 2.455 Y Y Y Y Y Y 

GISS-E2-R 4.5 r3i1p3 2.474 N N Y Y Y Y 

bcc-csm1-1 4.5 r1i1p1 2.478 N N Y Y Y Y 

bcc-csm1-1-m 4.5 r1i1p1 2.483 Y Y Y Y Y Y 

MPI-ESM-LR 4.5 r1i1p1 2.501 Y Y Y Y Y Y 

MPI-ESM-MR 4.5 r3i1p1 2.516 Y Y Y Y Y Y 

MIROC5 6 r1i1p1 2.524 Y Y Y Y Y Y 

IPSL-CM5B-LR 4.5 r1i1p1 2.546 Y Y Y Y Y Y 

ACCESS1-3 4.5 r1i1p1 2.568 N N N N N N 

CNRM-CM5 4.5 r1i1p1 2.579 Y Y Y Y Y Y 

MPI-ESM-MR 4.5 r1i1p1 2.586 Y Y Y Y Y Y 

CCSM4 4.5 r3i1p1 2.588 N N Y Y Y Y 

MPI-ESM-LR 4.5 r3i1p1 2.613 Y Y Y Y Y Y 

MPI-ESM-MR 4.5 r2i1p1 2.616 Y Y Y Y Y Y 

CCSM4 4.5 r5i1p1 2.625 N N Y Y Y Y 

CCSM4 4.5 r1i1p1 2.639 Y Y Y Y Y Y 

MIROC5 6 r3i1p1 2.657 N N Y Y Y Y 

MPI-ESM-LR 4.5 r2i1p1 2.676 Y Y Y Y Y Y 

MIROC5 6 r2i1p1 2.678 N N Y Y Y Y 

CSIRO-Mk3-6-0 4.5 r8i1p1 2.692 N N Y Y Y Y 

CCSM4 4.5 r2i1p1 2.699 Y Y Y Y Y Y 

CCSM4 4.5 r4i1p1 2.701 N N Y Y Y Y 

EC-EARTH 4.5 r9i1p1 2.705 N N Y Y Y Y 

EC-EARTH 4.5 r1i1p1 2.714 N N N N N N 

CMCC-CMS 4.5 r1i1p1 2.717 Y Y Y Y Y Y 

EC-EARTH 4.5 r12i1p1 2.733 N N Y Y Y Y 

ACCESS1-0 4.5 r1i1p1 2.755 N N Y Y Y Y 

CSIRO-Mk3-6-0 4.5 r1i1p1 2.756 N N Y Y Y Y 

CSIRO-Mk3-6-0 4.5 r9i1p1 2.756 N N Y Y Y Y 

CSIRO-Mk3-6-0 4.5 r2i1p1 2.767 N N Y Y Y Y 

EC-EARTH 4.5 r2i1p1 2.791 N N Y Y Y Y 

CSIRO-Mk3-6-0 4.5 r7i1p1 2.792 N N Y Y Y Y 

EC-EARTH 4.5 r8i1p1 2.813 N N Y Y Y Y 

CSIRO-Mk3-6-0 4.5 r4i1p1 2.814 N N Y Y Y Y 

CSIRO-Mk3-6-0 4.5 r3i1p1 2.837 N N Y Y Y Y 

CSIRO-Mk3-6-0 6 r2i1p1 2.856 N N Y Y Y Y 

CSIRO-Mk3-6-0 6 r7i1p1 2.892 N N Y Y Y Y 

CSIRO-Mk3-6-0 6 r9i1p1 2.901 N N Y Y Y Y 

CSIRO-Mk3-6-0 4.5 r6i1p1 2.908 N N Y Y Y Y 

CSIRO-Mk3-6-0 4.5 r5i1p1 2.928 N N Y Y Y Y 

CSIRO-Mk3-6-0 6 r3i1p1 2.976 N N Y Y Y Y 

CSIRO-Mk3-6-0 4.5 r10i1p1 2.984 N N Y Y Y Y 

CSIRO-Mk3-6-0 6 r5i1p1 2.985 N N Y Y Y Y 
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Table A10. CMIP5 Model runs used in the projections (Part 3). 
CMIP5 Models Considered and Selected 

Model RCP Ensemble End of Century 
Temperature 

gets LASSO AATPsq BMS-
Uniform 

BMS-
Fixed 

BMS-
PIP 

bcc-csm1-1-m 6 r1i1p1 3.001 Y Y Y Y Y Y 

CSIRO-Mk3-6-0 6 r8i1p1 3.01 N N Y Y Y Y 

CSIRO-Mk3-6-0 6 r1i1p1 3.028 N N Y Y Y Y 

bcc-csm1-1 6 r1i1p1 3.032 N N Y Y Y Y 

CSIRO-Mk3-6-0 6 r4i1p1 3.039 N N Y Y Y Y 

CSIRO-Mk3-6-0 6 r6i1p1 3.044 N N Y Y Y Y 

CCSM4 6 r3i1p1 3.12 N N Y Y Y Y 

CSIRO-Mk3-6-0 6 r10i1p1 3.12 N N Y Y Y Y 

CCSM4 6 r4i1p1 3.164 N N Y Y Y Y 

CCSM4 6 r1i1p1 3.169 Y Y Y Y Y Y 

MIROC-ESM-
CHEM 

4.5 r1i1p1 3.203 N N Y Y Y Y 

IPSL-CM5A-LR 4.5 r2i1p1 3.212 Y Y Y Y Y Y 

IPSL-CM5A-LR 4.5 r4i1p1 3.214 Y Y Y Y Y Y 

CCSM4 6 r2i1p1 3.224 Y Y Y Y Y Y 

MIROC-ESM 4.5 r1i1p1 3.229 Y Y Y Y Y Y 

BNU-ESM 4.5 r1i1p1 3.238 Y Y Y Y Y Y 

IPSL-CM5A-LR 4.5 r1i1p1 3.273 Y Y Y Y Y Y 

IPSL-CM5A-LR 4.5 r3i1p1 3.303 Y Y Y Y Y Y 

inmcm4 8.5 r1i1p1 3.358 Y Y Y Y Y Y 

IPSL-CM5A-
MR 

6 r1i1p1 3.603 Y Y Y Y Y Y 

IPSL-CM5A-LR 6 r1i1p1 3.743 Y Y Y Y Y Y 

MIROC-ESM 6 r1i1p1 3.796 Y Y Y Y Y Y 

MIROC-ESM-

CHEM 

6 r1i1p1 3.852 N N Y Y Y Y 

MRI-CGCM3 8.5 r1i1p1 3.867 Y Y Y Y Y Y 

MIROC5 8.5 r1i1p1 3.986 Y Y Y Y Y Y 

MIROC5 8.5 r3i1p1 4.047 Y Y Y Y Y Y 

MIROC5 8.5 r2i1p1 4.124 Y Y Y Y Y Y 

CNRM-CM5 8.5 r2i1p1 4.3 N N Y Y Y Y 

CNRM-CM5 8.5 r4i1p1 4.312 N N Y Y Y Y 

CNRM-CM5 8.5 r1i1p1 4.354 Y Y Y Y Y Y 

CNRM-CM5 8.5 r6i1p1 4.424 N N Y Y Y Y 

IPSL-CM5B-LR 8.5 r1i1p1 4.473 Y Y Y Y Y Y 

bcc-csm1-1 8.5 r1i1p1 4.548 N N N N N N 

CCSM4 8.5 r3i1p1 4.555 N N Y Y Y Y 

CSIRO-Mk3-6-0 8.5 r2i1p1 4.611 N N Y Y Y Y 

ACCESS1-3 8.5 r1i1p1 4.634 N N Y Y Y Y 

MPI-ESM-MR 8.5 r1i1p1 4.65 Y Y Y Y Y Y 

CSIRO-Mk3-6-0 8.5 r8i1p1 4.666 N N Y Y Y Y 

CCSM4 8.5 r6i1p1 4.678 Y Y Y Y Y Y 

MPI-ESM-LR 8.5 r1i1p1 4.694 Y Y Y Y Y Y 

CCSM4 8.5 r5i1p1 4.695 N N Y Y Y Y 

CCSM4 8.5 r4i1p1 4.713 N N Y Y Y Y 

MPI-ESM-LR 8.5 r3i1p1 4.715 Y Y Y Y Y Y 

CSIRO-Mk3-6-0 8.5 r9i1p1 4.717 N N Y Y Y Y 

CCSM4 8.5 r2i1p1 4.725 Y Y Y Y Y Y 

CSIRO-Mk3-6-0 8.5 r4i1p1 4.742 N N Y Y Y Y 
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Table A11. CMIP5 Model runs used in the projections (Part 4). 
CMIP5 Models Considered and Selected 

Model RCP Ensemble End of Century 

Temperature 

gets LASSO AATPsq BMS-

Uniform 

BMS-

Fixed 

BMS-

PIP 

CSIRO-Mk3-6-0 8.5 r7i1p1 4.806 N N Y Y Y Y 

CSIRO-Mk3-6-0 8.5 r1i1p1 4.808 N N Y Y Y Y 

CSIRO-Mk3-6-0 8.5 r5i1p1 4.827 N N Y Y Y Y 

CMCC-CESM 8.5 r1i1p1 4.832 Y Y Y Y Y Y 

MPI-ESM-LR 8.5 r2i1p1 4.833 Y Y Y Y Y Y 

CSIRO-Mk3-6-0 8.5 r3i1p1 4.84 N N Y Y Y Y 

CSIRO-Mk3-6-0 8.5 r10i1p1 4.847 N N Y Y Y Y 

CSIRO-Mk3-6-0 8.5 r6i1p1 4.872 N N Y Y Y Y 

ACCESS1-0 8.5 r1i1p1 4.924 N N Y Y Y Y 

CMCC-CMS 8.5 r1i1p1 5.011 Y Y Y Y Y Y 

IPSL-CM5A-

MR 

8.5 r1i1p1 5.501 Y Y Y Y Y Y 

CanESM2 8.5 r1i1p1 5.506 Y Y Y Y Y Y 

CanESM2 8.5 r4i1p1 5.514 Y Y Y Y Y Y 

bcc-csm1-1-m 8.5 r1i1p1 5.55 Y Y Y Y Y Y 

CanESM2 8.5 r3i1p1 5.552 Y Y Y Y Y Y 

CanESM2 8.5 r2i1p1 5.56 Y Y Y Y Y Y 

BNU-ESM 8.5 r1i1p1 5.589 Y Y Y Y Y Y 

CanESM2 8.5 r5i1p1 5.628 Y Y Y Y Y Y 

MIROC-ESM 8.5 r1i1p1 5.641 Y Y Y Y Y Y 

IPSL-CM5A-LR 8.5 r3i1p1 5.668 Y Y Y Y Y Y 

IPSL-CM5A-LR 8.5 r2i1p1 5.689 Y Y Y Y Y Y 

IPSL-CM5A-LR 8.5 r4i1p1 5.713 Y Y Y Y Y Y 

IPSL-CM5A-LR 8.5 r1i1p1 5.803 Y Y Y Y Y Y 

MIROC-ESM-

CHEM 

8.5 r1i1p1 5.912 N N Y Y Y Y 
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5 Modelling Strategy Overview 
Our modelling strategy is outlined in Table 1 and described in detail in the following sections. 

Table A12. Modelling Strategy to express economic impacts as a function of cumulative carbon emissions. 

Link economic impacts 
to climate variables 
(𝐶𝑙𝑖𝑚𝑎𝑡𝑒). 

Δlog⁡(𝐺𝐷𝑃𝑝𝑐)𝑖,𝑡 = 𝑓(𝐶𝑙𝑖𝑚𝑎𝑡𝑒𝑖,𝑡, 𝑡) Estimate f() using model selection 
and machine learning, account for 
adaptation over time t using in-
sample rolling window estimates 
and out-of-sample exponential 
smoothing forecasts. 

Link climate variables to 
Global Mean Surface 
Temperature (GMST) 

𝐶𝑙𝑖𝑚𝑎𝑡𝑒𝑖,𝑡 = ℎ(𝐺𝑀𝑆𝑇𝑡) Estimate h() using 
CMIP5Projections. 
 

Link GMST to cumulative 
emissions (CCe). 

𝐺𝑀𝑆𝑇𝑡 = 𝑔(𝐶𝐶𝑒𝑡): Using TCRE estimates from 
Goodwin et al. (2015) 
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6 Detailed Projection Results 
The end-of-century median GDP per capita damage function can be shown for several functional 

forms. In the main paper, we show a quadratic formulation. In equation A1 and A2 we present a linear 

and a cubic specification as well. 

𝐺𝐷𝑃𝑝𝑐𝐶𝑙𝑖𝑚𝑎𝑡𝑒⁡−⁡𝐺𝐷𝑃𝑝𝑐𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒

𝐺𝐷𝑃𝑝𝑐𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒
=⁡−0.062 −⁡−0.113⁡𝑇𝑒𝑚𝑝, for Temp ∈ [1.35°C, 5.9°C] (A1) 

𝐺𝐷𝑃𝑝𝑐𝐶𝑙𝑖𝑚𝑎𝑡𝑒⁡−⁡𝐺𝐷𝑃𝑝𝑐𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒

𝐺𝐷𝑃𝑝𝑐𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒
=⁡−0.182 − ⁡0.024⁡𝑇𝑒𝑚𝑝 − 0.047⁡𝑇𝑒𝑚𝑝2 + 0.005 ∗ 𝑇𝑒𝑚𝑝3, for  

Temp ∈ [1.35°C, 5.9°C] (A2) 

Quantile regression results, which underlie the construction of equations 1 as well as A1 and A2, can 

be found in Table A13 for gets selected projections and in Table A14 in LASSO selected models. 

Table A13. Quantile regression results for gets selected projections without adaptation. 
gets Projection Results 

 Dependent variable: 

 Median Difference to Baseline 
 (1) (2) (3) (4) (5) 

Temperature Anomaly -0.113*** -0.140*** 0.024*** -0.088*** 0.387*** 
 (0.0003) (0.002) (0.009) (0.006) (0.045) 

Temperature Anomaly Squared  0.004*** -0.047*** -0.015*** -0.064*** 
  (0.0003) (0.003) (0.002) (0.015) 

Temperature Anomaly Cubed   0.005*** 0.003*** 0.005*** 
   (0.0003) (0.0002) (0.002) 

Constant -0.062*** -0.021*** -0.182*** -0.468*** -0.187*** 
 (0.001) (0.003) (0.009) (0.007) (0.042) 

Percentile 50% 50% 50% 5% 95% 

Observations 858,000 858,000 858,000 858,000 858,000 

Note: *p<0.1; **p<0.05; ***p<0.01 
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Table A14. Quantile regression results for LASSO selected projections without adaptation. 
LASSO Projection Results 

 Dependent variable: 

 Relative Difference to Baseline 
 (1) (2) (3) (4) (5) 

Temperature Anomaly -0.092*** -0.083*** 0.018*** 0.028*** -0.027** 
 (0.0003) (0.001) (0.006) (0.008) (0.013) 

Temperature Anomaly Squared  -0.001*** -0.033*** -0.048*** 0.007* 
  (0.0002) (0.002) (0.002) (0.004) 

Temperature Anomaly Cubed   0.003*** 0.005*** -0.001** 
   (0.0002) (0.0002) (0.0004) 

Constant -0.033*** -0.047*** -0.145*** -0.419*** 0.127*** 
 (0.001) (0.002) (0.006) (0.008) (0.013) 

Percentile 50% 50% 50% 5% 95% 

Observations 858,000 858,000 858,000 858,000 858,000 

Note: *p<0.1; **p<0.05; ***p<0.01 
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7 Comparison to Burke, Hsiang, Miguel 2015 
The projection method in our paper differs from Burke et al. (2015; BHM) in some regards. Specifically, 

these differences include:  

BHM estimate their global median as the median estimate of all bootstrap estimates where they sum 

global GDP divided by the sum of global population to arrive at a median GDP per capita impact. We 

use the 𝑚𝑒𝑑𝑖𝑎𝑛 (
∑ 𝐺𝐷𝑃𝑖,𝑚
𝑁
𝑖

∑ 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑖,𝑚
𝑁
𝑖

) where 𝑚 is the bootstrap replication used. In contrast, we use a 

median quantile regression estimate of the country level GDP per capita estimates 

𝑞𝑢𝑎𝑛𝑡𝑖𝑙𝑒𝑅𝑒𝑔𝑟0.5 (
𝐺𝐷𝑃𝑖

𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑖
) to give a more sensible estimate of the effects of a median country. 

This is partly due to the data from Mueller, Stock and Watson not featuring population projections 

but only GDP per capita projections, not allowing us to disentangle population effects. We carry out a 

BHM compatible calculation for SSP projections below, however. 

Furthermore, BHM project their damage function by imposing a 0% difference at a 0°C anomaly. While 

this of course makes theoretical sense (with no warming there would be no impacts), the inclusion of 

this data point imposes a functional form of the damage function to go through 0. In reality though, 

under no conceivable scenario would the temperature anomaly at the end of the century be able to 

be 0°C. In fact, no CMIP5 model is capable of producing an anomaly even close to that. We therefore 

only estimate our damage function across the observable CMIP5 range (starting at 1.35°C). This allows 

the quantile regression, which we use to estimate the median through our models at every point on 

the temperature projection, to be functionally more flexible.  

In their projections, BHM base their GDP projections on the mean GDP per capita between 1980 and 

2010. In contrast, we use GDP per capita until the end of our sample 2011. This change does not affect 

the relative differences for impacts affects the level of our estimates. BHM also do not project 

estimates out of sample (any future temperature that would be higher than 30°C is set as 30°C) while 

we do not impose a similar constraint.  

In Figure A6, we show our estimates compared to BHM results. In this figure, we use BHM’s method 

of aggregating global estimates but only include our damage function for the range observed in CMIP5 

models.  

217



 

 
 

 

Figure A6: Comparison of impacts to earlier estimates. BHM models are taken from Burke et al. (2015) 

and correspond to their main model using a pooled estimator (Pooled Main), to a model with a pooled 

estimator but including 5-time lags to approximate a long-term response (Pooled 5 Lag). The Rich/Poor 

BHM models allows rich/poor countries to respond differently to temperature shocks. The DICE, 

FUND, and PAGE curves are taken from each of their models as processed by Revesz et al. (2014). The 

three green lines are taken from this study and correspond to the naïve model estimating using Annual 

Averages of Temperature and Precipitation squared (AATPsq), to the model estimated using general-

to-specific model selection (GETS) and using the least absolute shrinkage and selection operator 

(LASSO) model selection method. Estimates from this study are only displayed across the plausible 

CMIP5 range, while all other curves are forced to cross 0°C temperature change, although this is not 

plausible in 2100.  
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8 Alternative Estimation of the Adaptation Model 
We also consider two alternative forms of estimation to further investigate the robustness of our 

results.  

We first consider whether adding the income interactions before selection rather than post-selection 

considerably changes our estimates. We therefore interact all climate variables with income before 

re-selecting a gets model and the project the resulting estimates again.  

Second, to alleviate possible concerns about endogeneity due to interacting climate with 

contemporaneous income, we also consider a model where we interact the selected climate 

variables with the lagged incomes. Subsequently we again project the results to the end of the 

century.  

Both alternative estimation results are contained in Figure A7 below and results show that the 

estimates are remarkably similar to the standard Adaptation Model Projections. 

 

Figure A7: Comparison of impacts under different adaptation models.  
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Appendix

The appendix contains three distinct sections that aim to contextualise and validate results pre-
sented in the main paper.

Firstly in Section A, further summary statistics are presented for the data used. This is done
both for the estimation input data as well as for the data that is subsequently used to put these
results into context i.e. for the data considered from them EM-DAT database.

Secondly in Section B, the performance of the algorithms that were considered are presented.

Lastly in Section C, Variable Importance figures are presented. Those figures are meant to
illustrate the relative importance of the different variables used in the model.

A Further Summary Statistics

In this section, I present further summary statistics. In Table 3, I show the data that is primarily
used in the estimation of the machine-learning modes. In Table 4, I show the summary data of the
EM-DAT data used. This data is the basis for quantitatively contextualising the magnitude of the
identified events that were previously missed.

Mean SD Min Max N

Drought 0.053 0.224 0.000 1.000 266868
Landslide 0.007 0.085 0.000 1.000 266868
Flood 0.100 0.300 0.000 1.000 266868
Storm 0.058 0.234 0.000 1.000 266868
Extreme Temperature 0.045 0.208 0.000 1.000 266868
Monthly Mean of Daily Mean Temperature 9.410 17 -46.013 41 266868
Monthly Minimum of Daily Minimum Temperature -1.302 20 -60.046 29 266868
Monthly Maximum of Daily Maximum Temperature 21 16 -34.275 50 266868
Total Monthly Precipitation 66 80 -0.003 890 266868
Maximum Daily Total Precipitation 14 13 0.000 181 266868
Minimum Daily Total Precipitation 0.048 0.198 0.000 4.921 266868
Sum of Dry Days 7.415 8.654 0.000 31 266868
Elevation 548 742 -2,271.962 5,083 266868
Population 2,801,761 7,338,132 0.000 88,239,594 247536

Table 3: Extensive Summary Statistics for the used data. Note that these summary statistics
do not consider any area or population weights, so e.g. measures like average temperature will
disproportionately be biased towards values of very high latitudes. Furthermore statistical grid
resampling to convert to lower grid resolutions can introduce slight biases, such as a slightly negative
Total Monthly Precipitation.
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n Disaster Type Measure Total Deaths Total Affected Total Damages in Mio. USD

479 Drought Mean 9,727 19,062,602 3,616 Mio. US$
Median 24 2,520,000 1,662 Mio. US$
Mean Across all Events 711 11,660,422 1,827 Mio. US$
Sum 340,432 5,585,342,333 875,084 Mio. US$

765 Extreme temperature Mean 424 123,921 983 Mio. US$

Median 36 17,000 323 Mio. US$
Mean Across all Events 394 58,802 108 Mio. US$
Sum 301,118 44,983,218 82,533 Mio. US$

4997 Flood Mean 88 1,594,099 1,697 Mio. US$
Median 21 49,092 211 Mio. US$

Mean Across all Events 74 1,446,716 845 Mio. US$
Sum 367,367 7,229,239,919 4,222,560 Mio. US$

173 Landslide Mean 88 43,135 368 Mio. US$
Median 37 3,091 219 Mio. US$
Mean Across all Events 84 32,912 85 Mio. US$

Sum 14,586 5,693,785 14,730 Mio. US$
3397 Storm Mean 61 997,600 3,503 Mio. US$

Median 16 22,273 232 Mio. US$
Mean Across all Events 52 798,491 2,569 Mio. US$
Sum 176,506 2,712,474,003 8,727,140 Mio. US$

Table 4: Summarised EM-DAT data distinguished by each considered disaster type. Note that
this summary does not take the spatial dimension into account and has simply formed the average
across events, not across grid cells.
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B Algorithm Performance

In this section, I present the performance of the algorithms that were considered when estimating
the different models. Those plots are presented here for landslide, extreme temperature, flood, and
storm events. Drought events are presented in the main text.
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Figure B.1: Algorithm Performance for Landslide Events. N denotes the näıve classifier. Note that
the y-axis scale varies for each sub-plot and is bounded from 0 to 1 for the two upper plot rows. The
modified F1 combines the information of both rows 1 and 2, providing the essential information to
decide which algorithm to use.
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Figure B.2: Algorithm Performance for Extreme Temperature Events. N denotes the näıve clas-
sifier. Note that the y-axis scale varies for each sub-plot and is bounded from 0 to 1 for the two
upper plot rows. The modified F1 combines the information of both rows 1 and 2, providing the
essential information to decide which algorithm to use.

226



Bags: 1 Bags: 10 Bags: 50 Bags: 100

N 1 2 3 4 5 N 1 2 3 4 5 N 1 2 3 4 5 N 1 2 3 4 5

0.00

0.25

0.50

0.75

1.00

Recall

Bags: 1 Bags: 10 Bags: 50 Bags: 100

N 1 2 3 4 5 N 1 2 3 4 5 N 1 2 3 4 5 N 1 2 3 4 5

0.00

0.25

0.50

0.75

1.00

Mean
across
folds

Model type

Random forest

Support vector
machine

Detection Prevalence

Bags: 1 Bags: 10 Bags: 50 Bags: 100

N 1 2 3 4 5 N 1 2 3 4 5 N 1 2 3 4 5 N 1 2 3 4 5

2

3

4

Downsampling ratio

Modified F1

Figure B.3: Algorithm Performance for Flood Events. N denotes the näıve classifier. Note that the
y-axis scale varies for each sub-plot and is bounded from 0 to 1 for the two upper plot rows. The
modified F1 combines the information of both rows 1 and 2, providing the essential information to
decide which algorithm to use.
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Figure B.4: Algorithm Performance for Storm Events. N denotes the näıve classifier. Note that the
y-axis scale varies for each sub-plot and is bounded from 0 to 1 for the two upper plot rows. The
modified F1 combines the information of both rows 1 and 2, providing the essential information to
decide which algorithm to use.
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C Variable Importance
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Figure C.1: Variable Importance for Drought Events. This figure is intended to show the relative
importance of variables in the selected model. The figure provides information on the mean impor-
tance across the bags that are estimated. The numerical value is not a useful metric for comparison
across models though – this figure is only intended to provide relative importance.
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Figure C.2: Variable Importance for Landslide Events. This figure is intended to show the relative
importance of variables in the selected model. The figure provides information on the mean impor-
tance across the bags that are estimated. The numerical value is not a useful metric for comparison
across models though – this figure is only intended to provide relative importance.
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Figure C.3: Variable Importance for Extreme Temperature Events. This figure is intended to show
the relative importance of variables in the selected model. The figure provides information on the
mean importance across the bags that are estimated. The numerical value is not a useful metric
for comparison across models though – this figure is only intended to provide relative importance.
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Figure C.4: Variable Importance for Flood Events. This figure is intended to show the relative
importance of variables in the selected model. The figure provides information on the mean impor-
tance across the bags that are estimated. The numerical value is not a useful metric for comparison
across models though – this figure is only intended to provide relative importance.
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Figure C.5: Variable Importance for Storm Events. This figure is intended to show the relative
importance of variables in the selected model. The figure provides information on the mean impor-
tance across the bags that are estimated. The numerical value is not a useful metric for comparison
across models though – this figure is only intended to provide relative importance.
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6 Supplementary Material

6.1 Identifying Heterogeneous Treatment Effects in Staggered Treatment

Here we briefly summarise the results from Wooldridge (2021), deriving equation (30) to identify treat-
ment effects when treatment is staggered. We assume there is no anticipation of treatment for each
r = q, q + 1, ..., Q:

E[yt(r)− yt(∞)|d] = 0, for t < r. (52)

We also require a common trend assumption that the trend in absence of treatment is common regardless
of state of treatment:

E[yt(∞)− y1(∞)|dq, ...dQ] = E[yt(∞)− y1(∞)] = θt, for t = 2, ..., T (53)

and we assume at least one untreated group. The observed outcome in any period is given by:

yt = yt(∞) + dqtet(q) + ...+ dQtet(Q) (54)

where no anticipation implies that for the pre-treatment period (t < q):

E[yt|d] = E[yt(∞)|d] (55)

and for t ≥ q:
E[yt|d] = E[yt(∞)|d] + dqτq,t + ...+ dQτQ,t (56)

We then write the never treated outcome yt(∞) as an initial outcome and change relative to the initial
period:

yt(∞) = y1(∞) + gt(∞) (57)

By the common trend assumption E[gt(∞)|d] = θt:

E[yt(∞)|d] = E[y1(∞)|d] + E[gt(∞)|d] = η + λqdq + ...+ λQdQ + θt (58)

which subsequently allows us to write the expected outcome as equation (30).

If we are interested in treatment effects of units treated at one point relative to those treated at a different
point in time, as in Wooldridge (2021), we can define a sub-group ATT for those treated at r compared
to for example one period later at r + 1 as

τ(r:r+1) = E[yt(r)− yt(r + 1)|dr = 1] (59)

This can be expressed as the difference in treatment effects relative to the untreated group:

yt(r)− yt(r + 1) = [yt(r)− yt(∞)]− [yt(r + 1)− yt(∞)] (60)

Thus
τ(r:r+1) = τr,t − E[yt(r + 1)− yt(∞)|dr = 1] (61)

which under no anticipation and parallel trends simplifies to:

τ(r:r+1) = τr,t − τr+1,t (62)

and which is matched by the difference in coefficients τ̂ obtained post-break detection on treatment
dummies (step-functions or impulses).
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6.2 Simulation Study

Here we investigate the properties of detecting treatment in our reverse causal setting using ‘gets’ and
the adaptive LASSO. For the simulations we focus on detecting piece-wise constant treatment in the
form of step-functions. Future work will expand simulations to also include fully-time-varying effects
through impulse indicators.

We vary the treatment effect size σ as well as the number of treated units n. We compare the detection
of unknown treatments against the ‘known treatment’ standard TWFE estimator for a single treated unit
as well as multiple treated units. We then consider the case where we impose a known treatment while
searching for additional treatment as described in section 3.2.

We simulate the DGP in (23) with errors drawn from the standard normal distribution and evaluate the
performance of treatment detection as follows. For ‘gets’ we select over the full set of break functions
using varying target levels of significance (γc). We use cross-validation to determine the penalty level
for the adaptive LASSO. To measure the false positive rate of detection we compute the proportion
of spuriously retained breaks (out of all possible spurious breaks). To measure whether we correctly
identify treatment, we classify the proportion of correctly identified treated observations as those for
which the detected breaks include the true treatment effect within a (1− γc) confidence interval.

Figure 5 shows the false positive rate together with the correctly classified proportion of treated obser-
vations for a single treated unit when varying the treatment magnitude (as a function of the standard
deviation of the error term). Note that for a treatment effect size of 0 no treatment is present and hence
no treatment should be identified – in this case therefore the rejection frequency yields a measure of the
false-positive rate. Results show that treatment detection using ‘gets’ (red, solid) is close to the bench-
mark of a known treatment estimated using a conventional TWFE estimator (blue solid). The false
positive rate is stable around the chosen level of significance of selection (red dashed). The adaptive
LASSO (green solid) using cross-validation to choose the penalty factor also achieves a high level of
accurate classification, however, is consistently lower than ‘gets’ for all significance levels considered.
The adaptive LASSO using cross-validation also exhibits an erratic false positive rate (green dashed).

We increase the number of treated units from one to two and then five in our simulations (with iden-
tical treatment timing and homogeneous treatment effects) with results shown in Figures 6 and 7. As
expected, as we increase the number of treated units, the correct classification (detection of treatment)
falls relative to the known treatment case (using a single dummy variable) as our treatment detection
approach has to identify a separate treatment dummy per treated unit. Nevertheless, the correct rejection
frequency remains high given that no prior information about treatment assignment or timing was used.

Finally, we consider the costs of searching for additional treatment when there is a single known treat-
ment that has been imposed from the outset (i.e. forced in the model and not selected over; see section
3.2).

Figure 8 shows the root-mean-squared error (RMSE) of the estimated treatment effect on the known
treatment dummy when selecting over additional break variables relative to the simple TWFE estimator
(without selection), together with the false-positive rate of detected treatment (gauge). The DGP only
contains the single known treatment, with no other unknown treatment occurring. Thus this provides an
assessment of the costs of searching for additional breaks when a known treatment is embedded. The
results in Figure 8 show that searching for additional treatment when a known treatment is imposed,
increases the RMSE on the estimated treatment effect for known treatment, however, for increasingly
conservative selection significance levels this cost shrinks close to zero. This can be seen as an insurance
cost – controlling for possible treatment (or breaks) that have been omitted from a standard model
increases the RMSE of the known treatment indicator while providing robustness against omitted breaks.
In other words, searching for additional breaks (i.e. treatment) lowers the precision on a known forced
treatment somewhat, but the degree to which the RMSE increases can be easily controlled by choosing
conservative levels of selection when using ‘gets’. For ‘gets’, as Figure 8 shows, the false positive rate
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Figure 5: Simulation: Detecting treatment with one unknown treated units using ‘gets’ (SIS) and the
adaptive LASSO compared to a ‘known’ treatment with N = 10
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Figure 6: Simulation: Detecting treatment with two unknown treated units using ‘gets’ (SIS) and the
adaptive LASSO compared to a ‘known’ treatment with N = 10
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Figure 7: Simulation: Detecting treatment with five unknown treated units using ‘gets’ (SIS) and the
adaptive LASSO compared to a ‘known’ treatment with N = 10

(gauge) again is stable around the specified nominal level of significance. Such control is more difficult
to achieve when using the LASSO due to not targeting the false-positive rate.
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Figure 8: Top: RMSE of estimated ‘known’ single treatment effect when searching for additional treat-
ment relative to known TWFE estimator. Bottom: False positive rate of detected breaks.
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6.3 Simple Time Series Approach

We estimate a simple time series model of Basque GDP per capita in (63) and demonstrate that in
absence of control groups, we are unable to detect the impact of ETA Basque terrorism a-priori. We
model the log of GDP per capita as a function of log investment (one of the original control variables
in Abadie and Gardeazabal), while searching for structural breaks in the intercept using step-indicators
with ‘gets’ at a conservative target significance level of γc = 0.001:

SIS – Time Series for Basque Country only:

log(GDPpct) = β0 + β1log(Inv)t +
1995∑

s=1966

τs1{t≥s} + ϵt (63)

Estimation results of this time series model are shown in Table 4 and Figure 9. While multiple breaks are
found, the negative impact of ETA terrorism on GDP per capita in the Basque region is not detectable
due to the lack of control regions. There are no detected breaks with negative coefficients during the
period that ETA was active.

Basque Country(PaisVasco)

1970 1980 1990

1.7

1.8

1.9

2.0

2.1

2.2

Time Series Model (no Control Regions)
Allowing for step-shifts
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Model Fit

Detected 
Step-Shifts 

No step-shift 
coinciding with ETA 

due to lack of 
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(+) (+) (+) (+)Sign of shift:

Figure 9: Simple Time Series Model of Basque GDP per Capita – Breaks detected using ‘gets’ and
γc = 0.001.
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Table 4: Detecting Breaks in a Simple Time Series Model (Basque Country)

Dependent Variable: log(GDPpc)
Model: Time Series

Variables
Constant 0.5367

(0.5008)
log(Invest) 0.3788∗∗

(0.1556)
Break (i=Basq., t ≥ 1971) 0.1663∗∗∗

(0.0321)
Break (i=Basq., t ≥ 1975) 0.1308∗∗∗

(0.0463)
Break (i=Basq., t ≥ 1980) 0.0536

(0.0417)
Break (i=Basq., t ≥ 1988) 0.1737∗∗∗

(0.0392)

Fit statistics
Observations 31
R2 0.92

Standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Supplementary Information for:

Attributing agnostically-detected large reductions in road

CO2 emissions to policy mixes

Nicolas Koch, Lennard Naumann, Felix Pretis, Nolan Ritter, and Moritz Schwarz

Supplementary Note 1: Further background information per-
taining to the empirical approach

Here we provide additional details on our break detection approach to detect unknown treatment
timing and assignment. The discussion here is based on the work in [1] which provides additional
details.

1.1 Relating break detection to conventional two-way fixed effects pol-
icy evaluation

If there is only a single treatment in a single country, then imposing a binary treatment variable
for a known policy intervention in a TWFE model is equivalent to agnostically detecting the
break at time of treatment and estimating its effect. In case of multiple treated countries, our
break detection approach can be seen as a heterogeneous treatment effects model in which the
binary treatment variables are interacted with binary variables for each treated country to capture
potential heterogeneity (as in [2] for the known-treatment case). This holds regardless of whether
all treated countries receive treatment simultaneously or whether treatment is staggered because
each treatment effect is estimated using binary variables for each treated country and policy [see
1]. Thus, when faced with multiple treated countries, the break detection approach deviates
from the conventional difference-in-differences TWFE literature in that we do not estimate a
single average treatment effect on the treated. Instead, we estimate a separate treatment effect
for each detected break in each country which identifies heterogeneous treatment effects for each
treated cohort. This reduces power compared to a known, homogeneous, single treatment that
affects multiple countries. However, this disadvantage must be weighted against the advantage
of allowing for heterogeneous treatment effects without suffering from the weighting-problem in
staggered treatment designs [such as in 3, 4, 5].

1.2 Selection algorithm “gets”

To select over treatment variables in our model saturated with a full set of step-shifts we use the
tree search “gets.” It is equivalent to applying step-indicator saturation [SIS, 6] in a fixed effects
panel. SIS uses a near exhaustive tree search over candidate variables based on a specified level
of significance γc which controls the expected false-positive rate. Pretis and Schwarz [1] further
discuss the false positive rate of detection in the context of detecting treatment effects in panels.
We can estimate the set of treated units Ĥ as those that have at least one treatment indicator
retained. Specifically, if we allow for possible treatment of each unit at every point in time, then –
in absence of treatment – the expected number of detected breaks is γc×N(T −1) in a balanced
panel. (Albeit simulation results show a higher false-positive rate for SIS in small samples,
warranting perhaps a more conservative choice of γc.) Which translates into a probability of a
single country (i.e. unit) being classified as treated as:

P (i ∈ Ĥ|di = 0) = 1− (1− γc)(T−1) (1)

which increases with T because for larger samples (and fixed γc) the probability of retaining
an indicator spuriously increases as the number of indicators increases with T . Let M̂ denote
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the estimated number of treated units. Under the null of no treatment (when in fact no unit is
treated), the expected number of falsely detected treated units (countries) is then given by:

E[M̂ ] = P (i ∈ Ĥ|di = 0)×N = (1− (1− γc)T−1)N (2)

Thus, if we are concerned about the false positive rate of treatment classification, then treatment
detection in a panel warrants tighter target significance levels γc than conventionally used in the
selection/break detection literature. We therefore report results in the main text using both
looser and more conservative significance levels of detection.

Variations of “gets” have been widely applied in the time series literature, with applications
ranging from detecting heterogeneity in behaviour in medical practise [7] to assessing misreport-
ing in pollution monitoring [8]. The properties of “gets” transfer from time series to panel models
when interpreted as a least-squares dummy variable estimator.

Alternatives to “gets” include the algorithm Autometrics in the wider general-to-specific
family of model selection – see [9], or shrinkage-based methods such as the LASSO and variants
thereof, though these do not target the false positive rate – see [10, 11, 12]. See [1] for a more
detailed discussion.

1.3 Combining break detection with conventional policy evaluation ap-
proach

There are two ways to implement break detection in policy evaluation. First, it can be applied as
a purely agnostic data-driven approach that identifies interventions without any prior knowledge
of their occurrence. We take this approach in our paper. One drawback is that estimated effects
may not be generalizable in the sense of providing benchmark estimates for the effectiveness of a
particular policy instrument. Another potential drawback is a loss in power if treatment assign-
ment and timing is known and there are multiple treated units with a homogeneous treatment
effects.

The second approach can partly address these issues by inserting known policy interventions
into the break detection model. If a policy’s treatment assignment and timing are known,
we can include it in the model without having to rely on the selection step to find it and
estimate its impact, all the while searching for additional treatments. In this case, we force
the known treatment indicator into the model and select over additional treatment indicators.
This allows for the detection of additional, unknown treatments while the coefficient estimate
on the forced break variable provides an estimate of the conventional treatment effect in a
difference-in-differences TWFE estimator. We hope that future research can apply this second
implementation strategy to make progress on improving our understanding of the workings of
specific policy instruments.

1.4 Role of subject-specific knowledge in ex-post attribution

In a post-estimation analysis, we manually attribute the detected breaks to policy interventions.
This requires subject-specific knowledge, e.g. from the literature or policy databases. This is
similar to the need for subject-specific knowledge in the conventional difference-in-differences
TWFE literature to justify the assumption that a specific known intervention is exogenous or
as-if randomly assigned. In fact, once a potential cause for a detected break has been identified,
we could have simply estimated a conventional difference-in-differences TWFE model using the
“known” intervention. Thus, in the proposed reverse causal approach, we must argue that a
particular detected break is associated with a particular policy intervention. Naturally, there may
be many such policy interventions. While such confounding treatments pose a challenge for the
conventional difference-in-differences TWFE setting, there is no need for us to argue that a given
policy intervention was unique. In fact, we pursue a reverse causal approach that agnostically
identifies effective, emission reducing interventions because we are particularly interested in the
effectiveness of interacting policies. So while the search for causes is different than arguing that
a cause was unique, subject-specific knowledge will be necessary in both settings.

In our application, we find at least one policy intervention for every detected break. However,
should there be a break that cannot seemingly be attributed to a policy intervention, researchers
may want to consider widening their search or consider that their model may be misspecified
and in need of adaptation.
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Supplementary Note 2: Summary statistics

Supplementary Tables 1 through 3 summarize our dependent variable and our control variables
by country in terms of their means, their standard deviations, as well as their minimum and
maximum values for the time period between 1995 and 2018. Although we log the variables for
our analyses, we present them in levels here to facilitate understanding.

Country mean sd min max

Austria 20.7 2.6 15.0 23.9
Belgium 24.5 1.5 21.4 26.7
Bulgaria 6.6 1.6 3.9 9.0
Croatia 5.0 1.0 3.0 6.3
Cyprus 1.9 0.2 1.5 2.2
Czech Republic 14.8 3.6 7.2 21.1
Denmark 11.3 0.8 10.3 13.1
Estonia 1.9 0.3 1.3 2.4
Finland 11.1 0.6 10.1 12.2
France 121.6 4.6 116.4 129.1
Germany 154.4 9.4 141.7 172.1
Greece 16.4 2.1 13.7 21.0
Hungary 10.4 2.0 6.8 13.5
Iceland 0.7 0.1 0.5 1.0
Ireland 10.5 2.1 5.6 14.0
Italy 106.3 7.8 94.8 117.7
Latvia 2.5 0.5 1.7 3.5
Lithuania 3.9 0.8 2.7 5.5
Luxembourg 5.7 1.2 3.3 7.2
Malta 0.5 0.1 0.3 0.7
Netherlands 31.2 1.9 28.0 34.3
Norway 9.9 0.6 8.8 10.9
Poland 37.4 10.8 21.4 58.0
Portugal 16.3 1.9 12.4 19.3
Romania 12.3 2.7 6.9 16.8
Slovak Republic 5.2 1.0 3.5 7.0
Slovenia 4.7 0.8 3.5 6.0
Spain 81.9 10.6 61.9 101.7
Sweden 19.9 0.8 18.6 21.4
Switzerland 16.0 0.9 14.0 17.1
United Kingdom 114.2 3.7 107.8 120.5

Supplementary Table 1: CO2 emissions from road transport by country in millions of metric
tons. This table summarizes CO2 emissions by country for the years 1995 through 2018. All
values are in millions of metric tons. sd is for standard deviation, min is for minimum, and max
is for maximum.
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Country mean sd min max

Austria 371.5 44.4 290.4 442.5
Belgium 451.2 56.2 352.4 538.4
Bulgaria 45.1 9.5 31.1 60.9
Croatia 55.2 7.8 39.6 65.5
Cyprus 22.0 3.9 15.1 27.4
Czech Republic 188.4 34.5 139.0 247.9
Denmark 315.8 29.5 257.1 370.3
Estonia 18.9 4.8 10.4 26.4
Finland 230.9 31.6 162.9 269.2
France 2525.2 264.2 2019.5 2927.8
Germany 3335.1 316.0 2841.0 3937.2
Greece 267.3 36.2 210.3 332.1
Hungary 126.0 19.9 92.5 162.6
Iceland 13.0 2.8 8.2 18.2
Ireland 216.3 68.4 107.2 373.1
Italy 2083.1 96.7 1868.1 2236.6
Latvia 22.9 6.0 12.8 31.3
Lithuania 34.7 9.4 19.3 49.4
Luxembourg 48.8 10.8 30.6 67.3
Malta 8.6 2.2 5.6 13.9
Netherlands 796.4 94.8 597.9 948.1
Norway 409.1 51.5 306.9 489.3
Poland 423.6 113.2 252.4 633.9
Portugal 224.3 16.9 181.1 247.2
Romania 154.0 37.1 107.3 225.6
Slovak Republic 77.9 20.9 46.8 112.1
Slovenia 43.6 7.4 30.1 55.3
Spain 1298.6 178.3 942.9 1539.5
Sweden 461.2 76.4 334.3 589.3
Switzerland 547.2 74.0 434.9 674.6
United Kingdom 2377.7 321.3 1780.0 2879.3

Supplementary Table 2: GDP by country in billions of US dollars of 2010. This table summarizes
GDP by country for the years 1995 through 2018. All values are in billions of US dollars of 2010.
sd is for standard deviation, min is for minimum, and max is for maximum.
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Country mean sd min max

Austria 8.3 0.3 7.9 8.8
Belgium 10.7 0.4 10.1 11.4
Bulgaria 7.7 0.4 7.0 8.4
Croatia 4.3 0.1 4.1 4.6
Cyprus 1.0 0.1 0.9 1.2
Czech Republic 10.4 0.1 10.2 10.6
Denmark 5.5 0.2 5.2 5.8
Estonia 1.4 0.0 1.3 1.4
Finland 5.3 0.1 5.1 5.5
France 63.5 2.5 59.5 67.0
Germany 81.9 0.7 80.3 82.9
Greece 10.9 0.2 10.6 11.1
Hungary 10.1 0.2 9.8 10.3
Iceland 0.3 0.0 0.3 0.4
Ireland 4.3 0.4 3.6 4.9
Italy 58.5 1.5 56.8 60.8
Latvia 2.2 0.2 1.9 2.5
Lithuania 3.2 0.3 2.8 3.6
Luxembourg 0.5 0.1 0.4 0.6
Malta 0.4 0.0 0.4 0.5
Netherlands 16.4 0.5 15.5 17.2
Norway 4.8 0.3 4.4 5.3
Poland 38.2 0.2 38.0 38.7
Portugal 10.4 0.2 10.0 10.6
Romania 21.1 1.1 19.5 22.7
Slovak Republic 5.4 0.0 5.4 5.4
Slovenia 2.0 0.0 2.0 2.1
Spain 43.9 2.8 39.7 46.8
Sweden 9.3 0.4 8.8 10.2
Switzerland 7.6 0.5 7.0 8.5
United Kingdom 61.5 2.8 58.0 66.5

Supplementary Table 3: Population by country in millions. This table summarizes the population
size by country for the years 1995 through 2018. All values are in millions. sd is for standard
deviation, min is for minimum, and max is for maximum.
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Supplementary Note 3: Robustness checks

3.1 Alternative emissions data

Our main estimates are based on CO2 emissions data for road transport as defined by NRF code
1A3b. It covers aggregate emissions from passenger Cars (1A3bi), light duty vehicles (1A3bii),
heavy duty vehicles and buses (1A3biii), and mopeds & motorcycles (1A3biv). Because policy
efforts may have a particular focus on reducing emissions from passenger vehicles, we re-estimate
our model based on more disaggregated 1A3bi data only.

Country Model
1 2 3 4 5 6

EU-15 EU-15 EU-15 EU-31 EU-31 EU-31
significance level in break detection 5% 1% 0.1% 5% 1% 0.1%

Denmark effect
se
year

Finland effect −0.054 −0.073
se (0.020) (0.025)
year 2000 2000

Germany effect −0.135 −0.125 −0.140 −0.125 −0.142 −0.139
se (0.023) (0.023) (0.025) (0.021) (0.021) (0.024)
year 2003 2003 2003 2005 2005 2005

Ireland effect
(1st break) se

year

Ireland effect −0.208 −0.166
(2nd break) se (0.031) (0.032)

year 2015 2015

Luxembourg effect −0.066 −0.073 −0.107
(1st break) se (0.024) (0.025) (0.029)

year 2006 2006 2006

Luxembourg effect −0.133 −0.171 −0.141 −0.152
(2nd break) se (0.028) (0.032) (0.033) (0.036)

year 2015 2015 2015 2015

Portugal effect
se
year

Sweden effect −0.076 −0.081 −0.123 −0.107 −0.158 −0.152
(1st break) se (0.019) (0.020) (0.018) (0.024) (0.021) (0.023)

year 2004 2004 2004 2003 2004 2004

Sweden effect −0.084 −0.089 −0.124
(2nd break) se (0.019) (0.020) (0.023)

year 2011 2011 2010

Supplementary Table 4: Results for passenger vehicle emissions only. This table shows the
relative impact of treatments on CO2 emissions, their standard errors, as well as the year of the
break.

Supplementary Table 4 shows the emissions breaks detected in the alternative data set that
is limited to passenger vehicles. With the exemption of the breaks in Portugal in 2011 and
in Denmark in 2012, which both were detected only when holding the false discover rate in
break testing at the 5% level of significance, and the break in Ireland in 2011, we find the same
emission breaks as in our baseline analysis (Table 1). Notably, the timing of the breaks detected
in Germany and Sweden slightly shifts, which can be explained by the fact the policies under the
“Ecological Tax Reform“ in Germany and the “Green Tax Shift“ in Sweden were implemented
in a staggered manner over time.
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3.2 Clustered standard errors

One concern is that our outcome variable, CO2 emissions, may be persistent, and, thus, the error
term in our model may be serially correlated. This might affect our inference. In Supplementary
Table 5 we, therefore, report our main results with HAC standard errors and HAC standard
errors that are clustered at the county level. Neither of these alternatives change our inferences.

Country Model
1 2 3 4 5 6

EU-15 EU-15 EU-15 EU-31 EU-31 EU-31
significance level in break detection 5% 1% 0.1% 5% 1% 0.1%

Denmark effect −0.080
HAC se (0.010)
clustered HAC se [0.013]

Finland effect −0.103 −0.123 −0.128 −0.156 −0.171
HAC se (0.006) (0.014) (0.018) (0.018) (0.021)
clustered HAC se [0.016] [0.017] [0.023] [0.025] [0.027]

Germany effect −0.105 −0.131 −0.108 −0.112 −0.112
HAC se (0.008) (0.011) (0.020) (0.015) (0.014)
clustered HAC se [0.012] [0.013] [0.033] [0.024] [0.022]

Ireland effect −0.087 −0.127
(1st break) HAC se (0.012) (0.016)

clustered HAC se [0.017] [0.019]

Ireland effect −0.148 −0.192 −0.247 −0.244 −0.229
(2nd break) HAC se (0.031) (0.032) (0.031) (0.046) (0.051)

clustered HAC se [0.032] [0.036] [0.034] [0.043] [0.047]

Luxembourg effect −0.136 −0.108
(1st break) HAC se (0.012) (0.018)

clustered HAC se [0.019] [0.026]

Luxembourg effect −0.214 −0.193 −0.227 −0.262
(2nd break) HAC se (0.034) (0.025) (0.029) (0.024)

clustered HAC se [0.033] [0.026] [0.030] [0.034]

Portugal effect −0.094
HAC se (0.010)
clustered HAC se [0.016]

Sweden effect −0.095 −0.103 −0.110
(1st break) HAC se (0.008) (0.010) (0.015)

clustered HAC se [0.021] [0.023] [0.024]

Sweden effect −0.108 −0.115
(2nd break) HAC se (0.013) (0.015)

clustered HAC se [0.035] [0.037]

Supplementary Table 5: Results with (cluster) robust standard errors. This table shows the
relative impact of treatments on CO2 emissions, their HAC standard errors, and their HAC
standard errors clustered at the country level.
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3.3 Bias adjusted estimates

Another concern is that our estimated effects (Table 1) may not be generalizable because we are
more likely to detect large breaks. To assess the extent to which our model selection approach
introduces bias, we estimate one and two-step bias-corrected effect estimates following [13]. Over-
all, Supplementary Table 6 provides strong evidence that model selection did not introduce any
substantial biases in the estimated effect sizes.

Country Model
1 2 3 4 5 6

EU-15 EU-15 EU-15 EU-31 EU-31 EU-31
significance level in break detection 5% 1% 0.1% 5% 1% 0.1%

Denmark uncorrected −0.080
one-step (−0.079)
two-step [−0.078]

Finland uncorrected −0.103 −0.123 −0.128 −0.156 −0.171
one-step (−0.103) (−0.123) (−0.126) (−0.156) (−0.171)
two-step [−0.103] [−0.123] [−0.126] [−0.156] [−0.171]

Germany uncorrected −0.105 −0.131 −0.112 −0.112
one-step (−0.105) (−0.131) (−0.112) (−0.111)
two-step [−0.105] [−0.131] [−0.112] [−0.111]

Ireland uncorrected −0.087 −0.127
(1st break) one-step (−0.086) (−0.126)

two-step [−0.086] [−0.126]

Ireland uncorrected −0.148 −0.192 −0.247 −0.244 −0.229
(2nd break) one-step (−0.148) (−0.192) (−0.247) (−0.244) (−0.229)

two-step [−0.148] [−0.192] [−0.247] [−0.244] [−0.229]

Luxembourg uncorrected −0.136 −0.108
(1st break) one-step (−0.136) (−0.103)

two-step [−0.136] [−0.102]

Luxembourg uncorrected −0.214 −0.193 −0.227 −0.262
(2nd break) one-step (−0.214) (−0.193) (−0.227) (−0.262)

two-step [−0.214] [−0.193] [−0.227] [−0.262]

Portugal uncorrected −0.094
one-step (−0.094)
two-step [−0.094]

Sweden uncorrected −0.095 −0.103 −0.110
(1st break) one-step (−0.095) (−0.102) (−0.108)

two-step [−0.095] [−1.020] [−0.107]

Sweden uncorrected −0.108 −0.115
(2nd break) one-step (−0.108) (−0.114)

two-step [−0.108] [−0.114]

Supplementary Table 6: Bias corrected estimates. This table shows the relative impact of treat-
ments on CO2 emissions. For each detected break, the table holds three coefficients one below
the other. The topmost is the coefficient from the models introduced in the main body of the
text. The second and third are from applying either a one-step or two-step bias correction fol-
lowing [13]. The similarity of the coefficients provides strong evidence that model selection did
not introduce any substantial biases in effect sizes.
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3.4 Estimates without Austria and Luxembourg

Policy interventions in one country may also affect neighboring countries. In particular, a fuel
or carbon tax increase in a given country may cause fuel tourism in private consumers in the
border region or cause firms to reroute their trucks to refuel in neighboring countries. To evaluate
the potential bias from such spillovers, we exclude Austria and Luxembourg, two major transit
countries with a low fuel tax regime, from our sample to estimate our final model. Supplemen-
tary Table 10 shows that we obtain very similar results in the restricted sample. Overall, any
differences in coefficients are negligible.

Country Model
1 2 3 4 5 6

EU-15 EU-15 EU-15 EU-31 EU-31 EU-31
significance level in break detection 5% 1% 0.1% 5% 1% 0.1%

Denmark effect −0.070
se (0.020)
year 2012

Finland effect −0.101 −0.115 −0.121 −0.138 −0.173
se (0.020) (0.022) (0.025) (0.025) (0.029)
year 2000 2000 2000 2000 2000

Germany effect −0.105 −0.134 −0.107 −0.127 −0.109
se (0.017) (0.020) (0.022) (0.021) (0.025)
year 2002 2002 2002 2003 2003

Ireland effect −0.081 −0.127
(1st break) se (0.020) (0.024)

year 2011 2011

Ireland effect −0.152 −0.186 −0.219 −0.250 −0.208
(2nd break) se (0.027) (0.028) (0.031) (0.035) (0.038)

year 2015 2015 2015 2015 2015

Portugal effect −0.097
se (0.021)
year 2011

Sweden effect −0.093 −0.099 −0.107
(1st break) se (0.016) (0.019) (0.022)

year 2001 2001 2001

Sweden effect −0.101 −0.118
(2nd break) se (0.019) (0.022)

year 2006 2006

Supplementary Table 7: Robustness Check: Models excluding Austria and Luxembourg. This
table shows the relative impact of treatments on CO2 emissions, their standard errors, as well
as the year of the break.

9253



3.5 Alternative base model specifications

Country Model
1 2 3 4 5 6

EU-15 EU-15 EU-15 EU-31 EU-31 EU-31
significance level in break detection 5% 1% 0.1% 5% 1% 0.1%

Denmark effect −0.085
se (0.036)

Finland effect −0.136 −0.136 −0.127 −0.148 −0.144
se (0.022) (0.023) (0.024) (0.040) (0.035)

Germany effect −0.112 −0.122 −0.109 −0.284 −0.231
se (0.021) (0.022) (0.023) (0.037) (0.031)

Ireland effect −0.046 −0.127
(1st break) se (0.024) (0.023)

Ireland effect −0.155 −0.169 −0.288 −0.245 −0.261
(2nd break) se (0.033) (0.030) (0.048) (0.042) (0.043)

Luxembourg effect −0.090 −0.119
(1st break) se (0.031) (0.055)

Luxembourg effect −0.216 −0.193 −0.251 −0.204
(2nd break) se (0.037) (0.051) (0.044) (0.045)

Portugal effect −0.114
se (0.038)

Sweden effect −0.093 −0.103 −0.110
(1st break) se (0.020) (0.021) (0.022)

Sweden effect −0.158 −0.145
(2nd break) se (0.033) (0.029)

Supplementary Table 8: Robustness Check: Squared log(population size). This table shows the
relative impact of treatments on CO2 emissions and their standard errors for models with the
covariates log(GDP ), log(GDP )2, log(population), and log(population)2.
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Country Model
1 2 3 4 5 6

EU-15 EU-15 EU-15 EU-31 EU-31 EU-31
significance level in break detection 5% 1% 0.1% 5% 1% 0.1%

Denmark effect −0.088
se (0.037)

Finland effect −0.134 −0.130 −0.131 −0.130 −0.138
se (0.022) (0.024) (0.024) (0.041) (0.036)

Germany effect −0.144 −0.165 −0.112 −0.234 −0.195
se (0.021) (0.022) (0.022) (0.036) (0.033)

Ireland effect −0.047 −0.127
(1st break) se (0.024) (0.023)

Ireland effect −0.145 −0.159 −0.263 −0.244 −0.280
(2nd break) se (0.034) (0.031) (0.050) (0.044) (0.045)

Luxembourg effect −0.143 −0.016
(1st break) se (0.029) (0.055)

Luxembourg effect −0.211 −0.077 −0.138 −0.078
(2nd break) se (0.031) (0.051) (0.043) (0.044)

Portugal effect −0.044
se (0.039)

Sweden effect −0.109 −0.115 −0.114
(1st break) se (0.020) (0.022) (0.022)

Sweden effect −0.165 −0.153
(2nd break) se (0.034) (0.030)

Supplementary Table 9: Robustness Check: Urban population. This table shows the relative
impact of treatments on CO2 emissions and their standard errors for models with the covariates
log(GDP ), log(GDP )2, log(population), and Urban population.
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Country Model
1 2 3 4 5 6

EU-15 EU-15 EU-15 EU-31 EU-31 EU-31
significance level in break detection 5% 1% 0.1% 5% 1% 0.1%

Denmark effect −0.066
se (0.036)

Finland effect −0.133 −0.129 −0.118 −0.117 −0.121
se (0.022) (0.024) (0.024) (0.040) (0.035)

Germany effect −0.143 −0.165 −0.109 −0.228 −0.189
se (0.021) (0.022) (0.022) (0.035) (0.031)

Ireland effect −0.051 −0.150
(1st break) se (0.025) (0.023)

Ireland effect −0.149 −0.164 −0.354 −0.306 −0.340
(2nd break) se (0.034) (0.032) (0.051) (0.044) (0.046)

Luxembourg effect −0.142 −0.004
(1st break) se (0.029) (0.054)

Luxembourg effect −0.206 −0.070 −0.119 −0.054
(2nd break) se (0.031) (0.049) (0.042) (0.044)

Portugal effect −0.187
se (0.045)

Sweden effect −0.109 −0.115 −0.109
(1st break) se (0.020) (0.022) (0.022)

Sweden effect −0.156 −0.145
(2nd break) se (0.033) (0.029)

Supplementary Table 10: Robustness Check: Urban population, squared. This table shows the
relative impact of treatments on CO2 emissions and their standard errors for models with the
covariates log(GDP ), log(GDP )2, log(population), Urban population and (Urban population)2.
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Country Model
1 2 3 4 5 6

EU-15 EU-15 EU-15 EU-31 EU-31 EU-31
significance level in break detection 5% 1% 0.1% 5% 1% 0.1%

Denmark effect −0.124
se (0.049)

Finland effect −0.176 −0.162 −0.145 −0.105 −0.124
se (0.028) (0.030) (0.029) (0.048) (0.044)

Germany effect −0.115 −0.106 −0.222 −0.131 −0.153
se (0.034) (0.037) (0.031) (0.052) (0.048)

Ireland effect −0.105 −0.090
(1st break) se (0.034) (0.035)

Ireland effect −0.193 −0.197 −0.260 −0.306 −0.313
(2nd break) se (0.038) (0.039) (0.059) (0.048) (0.045)

Luxembourg effect −0.087 −0.232
(1st break) se (0.032) (0.058)

Luxembourg effect −0.242 −0.338 −0.255 −0.371
(2nd break) se (0.034) (0.058) (0.051) (0.042)

Portugal effect −0.062
se (0.059)

Sweden effect −0.060 −0.037 −0.013
(1st break) se (0.028) (0.030) (0.030)

Sweden effect −0.019 −0.027
(2nd break) se (0.055) (0.051)

Supplementary Table 11: Robustness Check: Individual Country Trends. This table shows the
relative impact of treatments on CO2 emissions and their standard errors for models with the
covariates log(GDP ), log(GDP )2, log(population), and country-specific time trends.
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3.6 Oster test

Break detection methods evaluate the presence of breaks relative to a specified model, in our
case a model that controls for log(GDP), log(GDP)2 and log(population size). Misspecification of
this model may lead to the detection of spurious breaks. Therefore, we use the specification test
suggested by Oster [14] to evaluate the robustness of our results with respect to omitted variable
bias. Supplementary Table 12 reports Oster’s delta. This proportional selection coefficient
estimates how much more important selection on unobservables has to be relative to the selection
on observables to reduce our estimated effects to zero. For δ > 1, Oster [14] considers coefficients
as stable. The delta values corresponding to our main results reported in Table 12 are either far
above 1 or negative, which suggests that the model we use to detect breaks is highly robust. For
instance, the unobservables underlying the coefficient for the break in Germany in the EU-15
sample at the 5% false discovery rate (column 1) would need to increase about 28-fold relative
to the included control variables to nullify our finding. Negative test statistics indicate trivially
robust coefficients because adding additional control variables would only reduce the importance
of selection on unobservables relative to observables.

Country Model
1 2 3 4 5 6

EU-15 EU-15 EU-15 EU-31 EU-31 EU-31
significance level in break detection 5% 1% 0.1% 5% 1% 0.1%

Denmark −57.4

Finland 110.6 125.4 110.1 −16.8 −13.2

Germany 28.2 27.7 19.2 −45.3 −32.0

Ireland −94.0 −70.1
(1st break)
Ireland −96.1 −88.3 −43.8 −31.6 −25.8
(2nd break)
Luxembourg −2.9 −1.5
(1st break)
Luxembourg −7.6 −8.6 −7.3 −6.8
(2nd break)
Portugal 104.9

Sweden 374.1 344.1 359.5
(1st break)
Sweden −27.7 −20.6
(2nd break)

Supplementary Table 12: Specification test by Oster [14]. δ measures how much more impor-
tant selection on unobservables has to be relative to the selection on observables to reduce our
estimated effects to zero. For δ > 1, Oster [14] considers coefficients as stable. Negative test
statistics indicate trivially robust coefficients because adding additional control variables would
only reduce the importance of selection on unobservables relative to observables.
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