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ABSTRACT

A cointegrated vector equilibrium correction model of key climate variables including sea surface temperature, ocean heat content,

Arctic sea-ice extent and sea-level change is built, driven by radiative forcing in which a stochastic trend arises due to anthro-

pogenic emissions of greenhouse gases. A valid and congruent statistical model requires saturation estimation to model breaks in

trends, while also conditioning on natural radiative forcings and El Nifio—Southern Oscillation. The model is stable over 150 years,

reflecting the slow adjustment of the deep oceans to increased greenhouse gas concentrations, and predicts an equilibrium climate

sensitivity of 2.6°C. Projections out to 2100 highlight the many uncertainties over the coming decades.

JEL Classification: C32, C53, Q54

1 | Introduction

Forty years on from the groundbreaking publication of the Oxford
Bulletin of Economics and Statistics on Cointegration, it is clear
that cointegration is both theoretically and empirically important
in modelling economic time series. 2026 will also be the cente-
nary of Udny Yule’s [1] path-breaking analysis of nonsense rela-
tions which he ascribed to unit roots in the generating process,
and to Bradford Smith’s linking levels and differences in econo-
metric models [2]. Cointegration is a key route to utilising unit
root information for a subset of variables linked by long-run sta-
ble relationships as conceived by Smith, so all three anniversaries
should be celebrated together.

Cointegration as a concept has extended beyond economics. Any
data characterised by non-stationary time series with long-run
stable relationships between trending variables and short-run
dynamic adjustments with feedback lends itself to modelling
using cointegration techniques. One field in which cointegration

has proven to be effective in modelling underlying physical
relationships is climate. As Stern and Kaufmann [3] note,
‘changes in radiative forcing might introduce a stochastic trend
in temperature if the radiative forcing variables have a stochastic
trend. This is likely because the concentrations of trace gases and
sulphate aerosols are driven by anthropogenic emissions, which
are determined by the stochastic trends that characterize many
macroeconomic time series’. This paper explores the role of coin-
tegration in modelling climate variables.

Pretis [4] shows that an energy-balance model (EBM) of global
temperature, ocean heat content and radiative forcing is equiva-
lent to a cointegrated system estimated from discrete time data.
We use this mapping to build an extended model of global climate
variables including air and sea temperatures, sea-ice extent and
sea-level change. Cointegration techniques model the long-run
stable physical relationships between radiative forcing and tem-
perature outcomes, while allowing for short-run dynamics which
can be non-linear. The model produces long-run forecasts of
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aggregate climate variables, first assuming endogenous anthro-
pogenic greenhouse gas (GHG) and aerosol radiative forcing
and then implementing scenario analysis by switching green-
house gas and aerosol forcings to be exogenous and condi-
tioning on future paths of greenhouse gases given by Shared
Socio-Economic Pathways (SSPs; [5]) used in IPCC AR6 (2021).

The statistical empirical model is intended to complement
physics-based general circulation models (GCMs) and falls
within the category of simple climate/climate emulation mod-
elling that has developed in the last 20 years [6, 7]. Many approxi-
mations are made by aggregation across time and space, as well as
by focusing on a small number of climate variables. This suits the
cointegrated vector autoregression (CVAR) analysis as it allows
for all forms of non-stationarity, including unit roots, outliers and
distributional shifts to be explicitly modelled, which is not typi-
cally feasible in GCMs. However, the complex physical relation-
ships embedded in GCMs (see, e.g., [8]) are not fully captured.
Earth system models of intermediate complexity (EMICs) are an
attempt to bridge the gap between EBMs and GCMs, see Weber
[9] for a summary, but do not explicitly model non-stationarity
that CVARSs are designed for.

The empirical analysis will extend current cointegrated climate
models with sea-ice extent and sea level. This enables us to con-
firm the EBM relations established in the literature and eval-
uate the impacts on other climate variables within the sys-
tem. We use saturation estimation to model distributional shifts
and breaks within the system that would otherwise obscure
the long-run relations. The CVAR methodology enables quan-
tification of uncertainty, including model uncertainty, parame-
ter estimation uncertainty and uncertainty over future paths of
greenhouse gas emissions. The framework ensures a congruent
model forms the basis of forecasting, where forecasts are driven
by long-run stable cointegrating relationships proxying physical
relationships.

The structure of the paper is as follows. Section 2 discusses the
literature on cointegration in climate models, reviewing the early
literature disputing the evidence of stochastic trends in climate
data and addressing the debate over integrated of order 1, I(1)
versus I(2). Section 3 outlines the data used in the empirical anal-
ysis and Section 4 develops a multivariate cointegrated model of
climate variables. Section 5 assesses the robustness of the model,
Section 6 produces scenario forecasts up to 2100, and Section 7
concludes, while details of the data are given in Appendix A.
All empirical analysis is conducted in OxMetrics version 9, and
PcGive version 16.1

2 | Literature Review

Cointegration methods have been applied to climate data since
the early 2000s, with the seminal paper of Kaufmann and
Stern [10] introducing cointegration to jointly model surface
temperature and radiative forcing. They model Northern and
Southern Hemisphere temperature as a function of radiative
forcing of greenhouse gases, sulphur emissions, solar irradiance,
and stratospheric sulphates. After finding two cointegrating rela-
tions they test for restrictions and find the just identified model
implies that temperature in each hemisphere is determined by

radiative forcing in that hemisphere and temperature in the
opposite hemisphere. The components of radiative forcing do
not cointegrate among themselves and the empirical results
show that both natural variability and human activity drives the
increase in surface temperature.

There followed numerous papers applying cointegration tech-
niques to climate data, including Harvey and Mills [11], Liu
and Rodriguez [12], and Kaufmann et al. [13]. Juselius [14] pro-
vides a non-technical summary of the methodology, along with
a detailed analysis of the relationship between sea temperatures
and land temperatures using the tools of multivariate cointegra-
tion. Looking at annual data over 1500-2000, she finds that sea
temperatures drive land temperatures with the long-run trend
in sea temperatures associated with solar radiation, greenhouse
gasses and volcanic eruptions.

Pretis [4] first made the link between cointegrated VAR models
and physical EBMs. He argues that the cointegration framework
enables the quantification of parameter estimation uncertainty
not feasible in the physical climate models, and it allows the
bi-directional feedback between the climate and the economy to
be modelled. A two component energy balance model explicitly
models the heat transfer from the upper layer to the deep ocean
which has a higher heat capacity so is slower to adjust. The heat
transfer is assumed to be proportional to the difference in temper-
atures. Any stochastic trends present in radiative forcing (where
the stochastic component is driven by GHG emissions) will be
imparted onto the temperatures of the upper component, through
which it transfers onto the lower component.

The use of cointegration analysis for climate variables has drawn
some debate. Stern and Kaufmann [3] find evidence of stochas-
tic trends in radiative forcing and temperatures. Gay-Garcia et al.
[15], Estrada et al. [16], and Estrada et al. [17] argue that cli-
mate variables exhibit deterministic trends with breaks rather
than stochastic trends, and temperature and radiative forcings are
not integrated processes once breaks in trend are accounted for.
Furthermore, Gadea-Rivas et al. [18] uses spatially disaggregated
gridded data and conclude that global average temperatures are
trend stationary with a structural break. But there is clear evi-
dence of an integrated long-run earth system response to anthro-
pogenic forcing, for example, the linear relation between cumu-
lative carbon emissions and global temperature [19], and a sub-
stantial body of empirical evidence supports the view that climate
variables contain stochastic trends, see, for example, Kaufmann
et al. [20] and Kaufmann et al. [21]. Table A2 in Appendix A
reports statistical tests for the climate data used in the analysis
below, supporting the evidence for stochastic trends.

The next debate in the literature concerned whether the charac-
teristic behaviour of the observed climate system is cointegrating
I(1) or multicointegrating I(2) [25]. Bruns et al. [26] finds that
the cumulation of the cointegration disequilibrium from surface
temperature and radiative forcing (measuring system heat con-
tent) cointegrates with surface temperature. Benati [27] finds that
radiative forcing, land and ocean temperatures are I(2), and he
uses a Bayesian VAR approach within an I(2) cointegrated VECM
model. Beenstock et al. [28] do not find evidence of a shared com-
mon stochastic trend using polynomial cointegration, but Pretis
and Hendry [29] show that the time-series properties and degrees
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of integrability of data can change over time. Hence, it is impor-
tant to model regime shifts, which we allow for in the model
below.

One of the benefits of the cointegration approach is that climate
sensitivity can be calculated, which is policy relevant as it impacts
the carbon budget for temperature targets. Climate sensitivity
varies between observational and modelled estimates but it needs
to be prescribed in any climate model to allow inter-comparison
and context for results, see Sherwood et al. [30]. The transient
climate response (TCR) is the temperature increase at the point
associated with a doubling of atmospheric CO,, whereas equilib-
rium climate sensitivity (ECS) refers to the temperature increase
when the climate system fully adjusts to a doubling of CO,. Both
measures can be inferred from the CVAR as the model directly
estimates the system equilibrium. Mills [31] finds a stable cointe-
grating relation between temperature and total radiative forcing
over the period 1850-2000, and calculates a robust estimate of
the temperature sensitivity to a doubling of radiative forcing to be
in the range of 1°C — 3°C, with a point estimate of just over 2°C,
whereas Bruns et al. [26] calculates climate sensitivity to be 2.8°C.

Other climate applications of the cointegration framework
include Brock and Miller [32] who allow for polar amplifica-
tion where the polar latitudes are warming faster. Schmith et al.
[33] undertakes cointegration analysis between global sea-level
change and land-ocean surface temperature, although they do
not find sea-level rise depending on radiative forcing, probably

1.0H — 4T: Global air temperature anomaly
"t = =~ 95% upper/lower bound

due to the long adjustment process of the oceans. Jackson et al.
[34] model the changing mass of polar ice sheets within a coin-
tegrating framework and they find evidence that supports an I(2)
model with a bipolar relationship between Greenland and West
Antarctica.

3 | Data

We estimate a six variable cointegrated VAR conditioning on two
exogenous regressors, for annual data over the period 1880-2023.
Table Al in Appendix A summarises the data used in the analysis
and their sources. The climate data (recorded in Figure 1, includ-
ing (a) land-sea temperature anomaly AT; (b) ocean heat content
OHG; (c) global mean sea-level change GSL; and (d) Arctic sea-ice
extent ICE) are non-stationary, exhibiting stochastic trends and
distributional shifts (although OHC is marginal for the [23] test
of a unit root with trend break at unknown location).?

There are significant measurement changes in the data series
over time. OHC is the volume integral of the product over the
three-dimensional ocean of temperature, density and heat capac-
ity at each measured point. OHC is observational data from 1957
(from three independent sources including the National Oceanic
and Atmospheric Administration, the Meteorological Research
Institute and the Institute of Atmospheric Physics) but we need a
longer series to capture a stable relationship between OHC, GSL,
and ICE given the slow (probably decadal) adjustment process.
To extend the series to 1880 we use the independent global

10%2J
—— OHC: Ocean heat content (b)
20l~ — ~ Zanna et al. reconstruction
— — - Bruns et. al. spliced data 4
——— Sea surface temp anomaly (scaled) 1)

1 L 1 L 1 L [ 1 L 1
mm 1900 1950 2000 e 1900 1950 2000
|—— SL: Global sea level rise
[— Terrestrial water storage adjustment /
0
(©)
-100+-
22001 1r ‘ —— ICE: Arctic ice extent‘
[ 1 L 1 L 1 L 1 L 1 L 1
1900 1950 2000 1900 1950 2000
FIGURE1 | (a)Mean land-sea temperature anomaly, AT (relative to the 1961-1990 average temperature) in °C, (b) ocean heat content down to

2000 m, OHC (measured relative to the 1971-2000 average) in 10*2J (with sea surface temperature anomaly in °C scaled to match the mean and variance

of OHC for visual comparison), (c) global mean sea-level change, GSL, (measured relative to the 2002-2018 average sea level) in mm, adjusted for

terrestrial water storage (in red), and (d) Arctic sea-ice extent (measuring the total area of the oceans with sea-ice concentrations of 15% or more,

averaged across all months of the year) in m/km?.
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reconstruction of ocean heat content provided by Zanna et al.
[35], who use a method to reconstruct global ocean temperatures
that does not use any of the exogenous drivers in our model. The
data are spliced in 1957, taking the average of the three observa-
tional series for the latter part of the sample. Figure 1b records
the spliced data that we use, along with the full reconstruction
from Zanna et al. [35] to compare with the observational data and
the latent measure by Bruns et al. [26] based on an I(2) model
for comparison. We also plot sea surface temperature anomalies
matched by means and ranges for context. Figure 1b shows the
increase in variance for the observational data relative to the sim-
ulated data for the earlier part of the sample.

Modern GSL reconstructions combine tide gauge measurements
and, after 1992, satellite altimetry, so that the estimated preci-
sion varies through time. There are three main contributions
to GSL, ocean thermal expansion which can be mapped to the
energy balance model and will be modelled by OHC, land ice,
including melting, calving and dynamics, and terrestrial water
storage (TW S). TW'S is not directly affected by global climate
change though it has varied through time due to human activ-
ity (e.g., dam construction, ground-water extraction). We correct
the G.S L reconstruction by the G.S L-equivalent TW'.S contribu-
tion in Frederikse et al. [36] for 1900-2018, and extrapolating to
2023 using an unobserved components model. It is reasonable to
assume a negligible effect on GS L by TW' S prior to 1900.

Figure 2 shows estimates of effective radiative forcing, ERF,
including natural forcings (NF) due to solar irradiance and
stratospheric aerosols from volcanic eruptions (with some large
volcanoes named in the figure), and those from greenhouse
gases (GHG) and aerosols (AF), combined to give forcings
from anthropogenic sources. GHG and AF are I(1) with breaks,
whereas NF are I(0). Miller et al. [37] report a smoothed ver-
sion of the anthropogenic radiative forcing data using a lowess
smoother with a 20-year window to address the variability in the
simulation estimates (the solid lines in Figure 2) which we use
in the empirical analysis below. All but NF are non-stationary,

2

although the evidence for GHG allowing for a structural break
is mixed due to the smoothing but we proceed assuming it is
I(1). We model the three forcings separately to allow for dif-
ferent short-run and long-run effects, including GHG and AF
as endogenous variables with NF as an exogenous regressor.
GHG and AF are included separately as GHG should respond to
changes in sea ice and land and sea temperature as they affect
photosynthesis, respiration, the solubility of carbon in ocean
water, and oceanic circulation, but they should have little or no
effect on AF.3> We rely on simulated rather than observational
data as we do not have long-run time series of CH, and N,O
but the close correspondence between ERF of GHGs and CO,
emissions, with a correlation coefficient of 0.98 (0.99 for the
spline smoothed data) supports our use of the simulated data.

Not all natural changes in Earth’s energy balance are forc-
ings. There is also endogenous natural variability including
quasi-periodic cycles caused by atmosphere—ocean interactions
at multi-annual timescales such as El Nifio Southern Oscillation
(ENSO) and North Atlantic Oscillation (NAO). The magnitude of
climate variability, regardless of its cause (e.g., [42, 43]), is often
sufficient to overprint anthropogenic warming so that periods of
enhanced or damped global temperatures are observed (e.g., the
early 2000’s hiatus). Thus, accounting for climate modes such
as ENSO that reflect these atmosphere—ocean interactions are
important to include when constructing the CVAR (Figure 3).
Although NAO (measuring the pressure difference between Ice-
land and Azores) is more regional, it does partially modulate
Arctic sea-ice extent so is included in the initial specification
although is found not to be significant. ENSO is the main driver
of natural variability at our timescale and is highly significant.

Pretis et al. [44] shows that the response of temperatures to vol-
canic eruptions is fairly standard, with emissions blocking solar
radiation which reduces temperatures, but then gradually get
removed from the atmosphere resulting in a ‘v’ shaped response.
Including NF as an exogenous regressor, partialing it out from the
anthropogenic components of effective radiative forcing, means

wim
sLI™ ERF: Effective Radiative Forcing
-e—e- NF: Natural Forcings
—— GHG: Greenhouse Gas Forcings
—— AF: Aerosol Forcings
2 |-
l |-
0
1k
3 T Novarupta-
Krakatoa Mt Pelee  Katmai
-
1 1 1 1 1 1 1 < l\\/[t Pinatubo\
1860 1880 1900 1920 1940 1960 1980 2000 2020
FIGURE2 | Radiative forcings from IPCC CMIP6 Simulations using GISS-E2.1 (in W/m?), see Miller et al. [37].
4 Oxford Bulletin of Economics and Statistics, 2026



Il P

MM\ MMy A,

‘— ENSO annual avepage‘ ‘

VVU VVVV" VUVV vv "U

I

n 1 n 1
1940 1960 1980

1 1
2000 2020

1860 1880 1900 1920
hPaf
[ (b)
250
0.0 Y |
r | '
2.5F w VW M Vv W
-5.0F ‘ e NAO annual average
1 1 n 1 n 1 1 1
1860 1880 1900 1920 1940 1960 1980 2000 2020

FIGURE3 |
index in hectopascals (equivalent to a millibar of pressure).

that the volcanic eruptions do not enter into the long-run equi-
librium of the system.

4 | A Multivariate Model of Climate Variables
4.1 | Econometric Methodology

We begin by estimating a six variable (p = 6) VAR in levels, com-
mencing with four lags (m = 4) and condition on a set of restricted
(z,,) and unrestricted (z,,) stationary regressors. The vectors
of variables are denoted by y, = (GHG, AF, AT, OHC, ICE, GSL),;
z,, =t, where ¢ is a full sample deterministic trend and z,, =
(#, NF, ENSO, NAO),, where y is a full sample constant. The ini-
tial VAR is:

4 T-1 T-1
yi = Z Wy, ; +Tz, +T,z,, + Z i:,kS1882+kZ AckTiggork €
Jj=1 k=2 k=3

(€Y)
where €, ~IN[0,Q.] and Q. is a positive-definite symmetric
covariance matrix of the error process.

Step indicator saturation (SIS) [45, 46] and trend indicator sat-
uration (TIS) [24] is applied to the system (i.e., not equation
by equation) at « = 0.001, forcing all other regressors to be
retained and selecting over just the indicators. Trend indi-
cators are denoted 7, and take the values (—,—r+1,—1+

.,0,0,0...). Then selection is applied over lags and exoge-
nous regressors at @ = 0.01. System and equation diagnostic tests
are undertaken to ensure a congruent model specification, see

Hendry and Doornik [47].

We then map to a vector equilibrium correction model (VECM):

m—1
Vio
Ay, = (H’ Hl)( t 1) + ZFiAyt—i +d, +e ()

t i=1

Annually averaged climate series for (a) El Nifio Southern Oscillation (ENSO) in °C; and (b) North Atlantic Oscillation (NAO) annual

where [1=1, - Z;":l I1; and d, includes all the unrestricted
retained regressors after selection including the intercept, satu-
ration indicators and cyclical regressors.

When y, ~ I(1), the cointegrating rank hypothesis for r < p is:

rank(11,11)) <r, so (I,1,)=a(p.y)
where a is a (p X r) matrix of adjustment coefficients describing
which equations adjust, and g is a (p X r) matrix of coefficients

describing r long-run relations #'y, [48, 49].

If step or trend indicators are retained from the saturation esti-
mation, (2) needs to be modified to allow for structural breaks,
see Johansen et al. [50] and Kurita and Nielsen [51], where the
model allows for different deterministic terms in sub-samples but
maintains common dynamic parameters, so (2) holds for each
sub-sample. Kurita and Nielsen [51] approximate the distribution
of the cointegrating rank test statistic using a gamma-distribution
and we use their response surface to calculate the quantiles of the
cointegrating rank test below.

4.2 | Mapping From Physical Theory
to Empirical Model

In the two-component EBM of Pretis [4], the stochastic trends
present in radiative forcing driven by anthropogenic emission of
GHGs from economic activity will be imparted onto the temper-
atures of the upper component, through which it transfers onto
the lower component, captured by the postulated cointegrating

relations:*
ERF 1 -4 0
y, =] AT | ﬁ’=< ) 3)

01 -1
OHC

Oxford Bulletin of Economics and Statistics, 2026



We extend this model by decomposing effective radiative forcing
into two anthropogenic components with very different trends, as
well as including sea level and sea-ice extent. There is no direct
mapping of the physical relationships extending the two compo-
nent energy balance model to sea-level change and sea-ice extent
as the processes are multifaceted and complex.

For GSL the main contributions can be separated into three parts:
ocean thermal expansion, land ice (both melting and changes
around the fringes including calving and dynamics along with
sublimation), and terrestrial water storage including extraction of
water and dams. We correct the observed global mean sea-level
data by the impact of terrestrial water storage (which is not
directly induced by climate change) such that the global sea
level modelled by the CVAR is purely climate induced. Addition-
ally, changes in sea-ice (volume) does not affect sea level so we
impose this constraint in the cointegrating relation. We do not
include a separate variable for land-ice in the cointegrated sys-
tem as the response of glaciers to radiative forcing is quite dif-
ferent to ice sheets (Greenland and Antarctica), which also have
idiosyncratic dynamics, but allow for these changes to be mod-
elled via the response of sea level to radiative forcing and surface
air temperature.

Extending the energy balance model to include the postulated
statistical relationships between climate variables results in the
cointegrating relations as:

GHG
AF 1 —A, =4, 0 00
AT 0 0 1 -4 00
Y= \onc| b= Aa Ay O /13’5 10 @
ICE Ay, 0 Ay, =4, 01
GSL

where 4, determines the equilibrium climate sensitivity but
we allow for different weights on the anthropogenic forcings
driving temperature. The second cointegrating relation relates
air temperature to ocean heat content ([4] relates the mixed
layer temperature anomaly to the deep compartment tempera-
ture anomaly with a cointegrating relation (1, —1), but we do not
impose a unit cointegrating relation initially). Our third cointe-
grating relation captures the effect of greenhouse gas radiative
forcing on the extent of Arctic sea ice, allowing for warming
oceans to reinforce the rate of ice melt, and the fourth maps the
relationship from greenhouse gas radiative forcing to sea level
via ocean heat content (leading to thermal expansion) while also
allowing for indirect effects of land-ice melt via either radiative
forcing or temperature, but imposing the constraint that Arctic
ice melt does not lead to sea-level rise.

43 | Econometric Modelling Results

The VAR(4) was reduced to VAR(3), selected by a system test at
1%. Saturation on the VAR(3) over 1882-2023 at @ = 0.001 results
in two trend breaks, (7,9¢; and 7,49,). Both breaks are likely pre-
cipitated by Mt. Agung (1963) and Pinatubo (1991) which are
known to have caused temporary (1-2year), measurable falls in
AT and a brief slowing of GSL. Also see Ivanov and Evtimov [52]

TABLE1 | System diagnostic tests.

Second-order vector residual
autocorrelation [54, 55]

F,.(72,544) = 1.2

Xfl 4(12) =149 Vector residual non-normality
[22, 56, 57]

Vector residual
heteroscedasticity [58, 59]

RESET functional form [60]
Non-linearity index test [61]

Fp,e(270,538) = 1.2

Foq(72,544) = 1.7
F,;(378,296) = 1.3*

Note: “*” indicates test significance at 5%, and “**” at 1%.

TABLE 2 | Correlations between residuals (standard deviations on
diagonal).
GHG AF AT OHC ICE GSL

GHG 0.00

AF 0.03 0.002

AT 0.09 0.06 0.08

OHC 0.01 —0.08 0.08 0.69

ICE 0.12 0.04 -0.23 0.11 0.18

GSL 0.02 0.06 0.16 0.11 —0.07 6.96

in which 1963 has been widely identified as a break in Northern
Hemisphere annual surface temperature. Impulse indicator satu-
ration (IIS) [53] identified outliers in OHC; D,g55 = 1in 1958 and
—1 in 1959 which captures the point at which the OHC data is
spliced between the latent and observational data, and I,y = 1
for 2016 and 0 otherwise. A dummy is included for 1943-1945
when Arctic sea-ice extent and sea level measurements are not
accurately recorded during the second world war. NAO was not
significant but ENSO isretained, along with lag 0 and 1 of NF. The
model passes most system diagnostic tests, see Table 1, but there
is evidence of functional form misspecification and non-linearity,
likely due to the change in measurement of OHC mid-sample.
The diagnostic tests are conducted conditional on the selection
of outliers and breaks which affect the properties of the tests, dis-
cussed in the references given.

Table 2 reports the correlations between the residuals with the
equation standard deviations on the diagonal. There are large
residual correlations between air temperature with Arctic sea-ice
extent and sea level which lend themselves to being modelled.

Figure 4 shows the recursive residuals for each equation in the
top row, the one-step Chow [62] tests to evaluate one-step ahead
forecasts testing for constancy of each additional observation in
the second row [63], and the breakpoint Chow test where each
point is the value of the Chow F-test for that date against the final
period, scaled by its 1% critical value, with the forecast horizon
decreasing from left to right in the bottom row [64]. While the vast
majority of the one-step residuals lie within their anticipated 95%
confidence intervals, so we do not reject constancy overall, there
is a clear break in 1958 corresponding to the point at which the
latent simulated data on OHC is spliced to the observational data
which is first recorded in 1957. This is also reflected in an increase
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FIGURE4 |

in variance over the latter period. As this is a construct of the data
measurement and not an aspect of the underlying physical pro-
cess, we proceed by including the ‘blip’ dummy variable D, g5 to
account for the measurement change.

Figure 5 records the roots of the companion matrix. We under-
take cointegration analysis on a partial system conditioning on
weakly exogenous variables (NF and ENSO) with broken trends,
using Kurita and Nielsen [51] to obtain the relevant quantiles for
determining the cointegrating rank.

The two trend breaks result in three regimes to calculate the
pseudo-likelihood ratio test (PLR) critical values.® The resulting
quantiles and p values are recorded in Table 3, along with the PLR
test statistics for the determination of cointegrating rank.

The rank is greater than zero which points to cointegration
between the variables, and there are not more roots close to unity
than the dimension of the system which rules out an I(2) repre-
sentation. The trace test is marginal for a rank of 3 with stronger
evidence for a rank of 4 which aligns with our postulated model.
The data does not accept the restriction that GHG does not coin-
tegrate with ICE or GSL, so they are driven directly by the anthro-
pogenic stochastic trend as well as indirectly through OHC, and
AT for GSL.

Recursive residuals estimates and constancy tests for the system.

We initially impose the restrictions given in (4) which are
accepted with the likelihood ratio test given by y2(1) = 1.91 [p =
0.17]. However, this does not identify g so we impose a fur-
ther restriction that aerosol forcings do not enter the ICE coin-
tegrating relation. Although aerosols affect aerosol optical depth,
which affects the fraction of solar insolation that reaches the
ground and hence, the rate at which ice melts, we find that
restriction is accepted with x2(1) = 2.02[0.15], and results in
an identified f matrix. As such, (5) differs to (4) by one ele-
ment. We undertake further restrictions on the @ matrix based
on tests of significance, and the joint set of restrictions is com-
fortably accepted (y%(9) = 12.14[0.21]) such that the IT matrix is
identified.

The cointegrating relations are recorded in Figure 6, along with
the sub-sample estimates from 1958 onwards (to coincide with
the observational data on OHC). All cointegration relations are
stationary based on Augmented Dickey Fuller tests although the
ocean heat content and sea level cointegrating relations do exhibit
a small but not statistically significant trend in the second half
of the sample. This is not as evident in the sub-sample estimates
and could be due to the switch from latent to observational data,
or omitted Antarctic Ice data.® Equation (5) reports the coin-
tegrating relations, excluding trend indicators, along with the
a matrix:
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FIGURE 5 | Eigenvalues of the dynamic system.

TABLE 3 | Testing for cointegrating rank.

r=0 r<il1 r<2 r<i3 r<4 r<s5
PLR{H, (r)|H, (6)} 276.9 [0.00]* 195.1 [0.00]? 132.0 [0.008]* 80.9 [0.07]* 44.6 [0.31] 14.1[0.74]
95% limit quantiles 199.9 158.2 120.2 86.2 56.0 29.0
Note: Figures in square brackets are p values.
aSignificance at the 10% level.
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To calculate the equilibrium climate sensitivity (ECS) we estimate
the cointegrating relations excluding the broken trends, imple-
menting the same cointegrating relations.” The ECS measures
the equilibrium temperature response to a doubling of CO, con-
centrations, via radiative forcing. Using the IPCC estimate that a
doubling of CO, increases radiative forcing by 3.7 Wm? (see [65],

357) with 1,, = —1.418 we obtain ECS =

2.6°C, which is similar

to Bruns et al. [26] and in line with IPCC AR6 (2021) which states
there is a 90% or more chance that the ECS is between 2°C and 5°C.

Next, we map to a cointegrated system and undertake model
reduction by eliminating regressors in each equation that were
insignificant at 5% [66]. We augment the system with non-linear

functions of the regressors to check for unmodelled non-linearity
but none were retained. The series of reductions results in 120
restrictions which are accepted with »2(120) = 142[0.08]. The
resulting model estimated over 1883-2023 is:

AGHG, = —0.033 — 0.014C,,_; — 0.065C,,_; + 1.28 AGHG,_, — 0.32 AGHG,_,
(0.006)  (0.002) 0.001) ¢ 0.076) (0.074)

+ OI4AAF, = 010 AAF,,

AAF, = —0.001 — 0.039C,,_, ~0.046C, .y — 0.002C,,; = 0.001C,,y
(0.015) (0.006) s (0.0006) et (0.0002)

+ 1.58AAF,_, — 0.71 AAF,_,
(0.054) (0.053)

AAT, = 1.62 + 0.94C,,_, + 224Cy — L30AGHG,., + 0.09 ENSO,
(0.474) (0.141)

+ 040 NF,_y + 0.19 Dyyry + 0.003AGSL_y +0.003AGSL,

AOHC, = —16.24 — - 0.001 2NF,
OHC, = ~1624 = 8,60C, ., + 065C,y = 0001Cy oy + 032N F,y

+ 018 AOHC, , + 025 AOHC, , — 143 AICE, , = 084 AICE,_,
(0.070) (0.266) (0.264)

+ 2.86 D - 2.40 Thp97 — 2.551.
1958 7 Gs0y 2007 T (Gvey 2016

AICE = 17.5 - 3.67C, 507C 091C 0.003C
1912)  (0.648) “1T 1t ba-1 ™ 1t (©.0003) %1

+ $48AGHG, , + 120 AAF,_; = 0.0 Dynyry = 55 Loy

AGSL, = —3.44 — 0.060C —0366AGSL 6
(6246)  (0.0006) 1 -1 ©

Figure 7 records the model fit, residuals, residual QQ plot (see
[67], who recommend QQ plots over the Kernel density of resid-
uals) and correlogram, and Table 4 reports the model diagnos-
tics, noting that misspecification tests are conducted after model
selection.
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FIGURE 7 | Model fit, residuals, residual correlograms and residual QQ-plots for (6).
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TABLE 4 | Equation standard errors and diagnostic tests for (6).
AGHG AAF AAT AOHC AICE AGSL
Single-equation tests
F,, 2.31[0.10] 0.20 [0.82] 1.76 [0.18] 7.09 [0.002]** 1.69 [0.19] 1.87[0.16]
Forcn 1.12[0.29] 0.91 [0.34] 0.11 [0.74] 1.19 [0.28] 0.31 [0.58] 2.22[0.14]
Xﬁd 1.02 [0.60] 0.79 [0.67] 3.19 [0.20] 0.57 [0.75] 0.89 [0.64] 5.53[0.06]
Fhet 0.40 [0.96] 1.09 [0.37] 1.92 [0.03]* 1.40 [0.14] 1.03 [0.43] 1.53[0.20]
c 0.001 0.002 0.078 0.669 0.175 7.47
s.d.(Ay) 0.015 0.012 0.119 0.893 0.242 8.09

System tests

F,.(72,636) = 1.06[0.34]
Foren(36,569) = 1.23[0.17]
x24(12) = 10.8[0.55]
F}1(282,533) = 1.29[0.006]**

LR test of over-identifying restrictions: y2(120) = 142[0.08]

Note: 6 is the residual standard deviation with s.d.(Ay) the unconditional standard deviation of Ay for comparison. p values in brackets. F,, tests residual autocorrelation
(see [54], where [55], allows for ADL and VAR models with stationary, unit and explosive roots and polynomial trends) F,,, tests autoregressive conditional
heteroscedasticity [68], Fy, tests residual heteroscedasticity (see [58], and [59], who show that residual heteroscedasticity tests are robust to outlier removal), Xi 4(2) tests
non-Normality (see [22], and [57], who show normality testing is fragile after selection with a fixed cut off). “*” denotes significance at 5% and “**” denotes significance

at 1%.

The model is well-specified apart from some evidence of autocor-
relation in AOHC and system wide heteroscedasticity due to the
measurement change in 1957 (observed in the residual variance
of AOHC in Figure 7). The equation standard deviations are close
to those of the unrestricted VAR in (2).

The first cointegrating relation which captures the stable relation
between anthropogenic forcings and air temperature is highly
significant in the AT equation, highlighting the feedthrough
effects of the stochastic trend from anthropogenic sources onto
temperatures, along with cyclical factors including natural radia-
tive forcing and ENSO. AGSL, and AGSL,_, are retained to satisfy
tests of reduction but are marginal in significance. Ocean heat
content is primarily driven by the second, third and fourth cointe-
grating vectors but there are significant short-run dynamics from
natural radiative forcing and IC E. Arctic ice melt is driven by all
four long-run relations as well as short-run anthropogenic effects.
Finally, sea-level rise has long-run trends picked up by the rela-
tionship between GHG forcing and sea-level rise, along with some
inertia. The trend indicators retained in the VAR(3) enter the
long-run cointegrating relations and only two additional impulse
indicators for ocean heat content (2007 and 2016) are needed in
the VECM to obtain a constant parameter stable model over a
century and a half.

5 | Robustness

To evaluate model stability we undertake a dynamic simulation
of the model conditioning on initial conditions up to 1904. We use
actual values of the non-modelled variables (NF and ENSO, along
with deterministic terms) but simulated values of the endogenous
variables (similar to conditional dynamic forecasting within the
estimation period). Figure 8 records the simulated outcomes for

Ay in the top row and y in the bottom row. Although the variation
in the differences is hard to model, the system captures the long
term trends closely. The estimates of the turning points such as
aerosol forcings around the turn of the century and the reduction
in ice extent in the mid-1960s tend to lag the actual turning points
but the overall trends in levels are fairly accurate. However, see
the critiques of dynamic simulation as a method of evaluating
econometric systems in Hendry and Richard [69] and Chong and
Hendry [70]. As the trends are crucial for long-term forecasting
this gives us confidence that absent future breaks due to anthro-
pogenic changes, the system could extrapolate reliable trends.

5.1 | In-Sample Forecast Evaluation

To assess the role of cointegration and saturation in the empiri-
cal model we undertake an in-sample forecasting exercise, eval-
uating 30years of dynamic forecasts over 1994-2023, but note
that forecast performance is not a measure of the validity of
the model, see Castle and Hendry [71]. We condition on known
exogenous regressors (NF and ENSO) and in-sample structural
breaks, holding the model specification as fixed but the param-
eters are estimated over 1883-1993. We compare model (6),
denoted VECM(ISE) to indicate it is the vector equilibrium cor-
rection model with indicator saturation estimation derived from
the CVAR specification, with a VAR in levels (VAR) and differ-
ences (DVAR) both with and without indicator saturation (ISE),
and some benchmarks including an AR(1), random walk (RW)
and trend indicator saturation (TIS). Levels forecasts are obtained
from the differenced forecasts for VECM and DVAR. Table 5
reports the root mean square forecast errors (RMSFE) over the
30 dynamic forecasts for each model, along with tests of forecast
accuracy comparison using Harvey et al. [72] which is a Diebold
and Mariano [73] test with a bias correction for small samples (30
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Oxford Bulletin of Economics and Statistics, 2026



—— AAF —— AAT
— Simulated —— Simulated

— AGHG
—— Simulated

— AOHC — ASL
—— Simulated —— Simulated

0.06
0.021

0.04

0.00} A | il ;}‘ 1 fiti

0.02

-0.021-

0.00

!

—— AICE
—— Simulated
1.0

[ B
1900 1950 2000

— AT
—— Simulated

[T R
1900 1950 2000

—— AF
— Simulated

T R
1900 1950 2000

— GHG
—— Simulated

[T R [T [ R
1900 1950 2000 1900 1950 2000 1900 1950 2000

— OHC — ICE —SL
—— Simulated — Simulated —— Simulated

14

-0.25¢ 1.0f
-0.50 [

, 05F
0.75F i
-1.00F 00
-1.25F

-

-100

20
I 13

12

11 2200

LA L B B S B B B

L . . .
1900 1950 2000 1900 1950 2000

1900 1950 2000

FIGURES8 |

1900 1950 2000

1900 1950 2000 1900 1950 2000

Simulated outcomes from (6) for AGHG, AAF, AAT, AOHC, AICE and AGSL in the top panels and GHG, AF, AT, OHC, ICE and GSL
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TABLE 5 | RMSFEs for dynamic forecasts over 1994-2023.
VECM VAR DVAR
ISE ISE ISE AR(1) TIS RW
GHG 0.02 0.20** 0.61** 0.47** 0.19** 0.05* 0.57** 0.03 0.59%*
AF 0.02 0.05** 0.12%* 0.35%* 0.24** 0.23** 0.47** 0.33%* 0.15%*
AT 0.07 0.08 0.31** 0.17* 0.16* 0.15* 0.74** 0.41** 0.49**
OHC 3.92 3.30* 8.47** 8.41** 10.1%* 10.6** 11.0%* 3.86 15.3%*
ICE 0.26 0.36™* 0.45%* 0.97** 0.30** 0.86™* 1.84** 0.54** 1.10%**
GSL 6.61 11.7** 55.5%* 22.7%* 10.8%** 37.8%* 55.2%% 23.0%* 59.7%*

Note: Smallest RMSFE in bold, largest in italics. Tests of significant forecast differences using Harvey et al. [72] against VECM(ISE) as the benchmark, where ** and *

denotes significance at 1% and 5%, respectively.

forecasts in our evaluation). The benchmark forecasts are given
by VECM(ISE) (first column) and pairwise comparisons are eval-
uated across all other forecasts, recording significant differences
at 1% and 5%.

Model (6) produces the smallest RMSFE forecasts for most
variables, almost all of which are significant at 1%. However,
the VECM without saturation (used to calculate ECS) dom-
inates for OHC (significant at 5%). Explicitly modelling the
long-run relations using cointegration improves forecasts rela-
tive to the VAR and DVAR suggesting the physical relations

embodied in the VECM are critical in extrapolating future
trends. The evidence on modelling breaks is more mixed.
ISE mostly improves the VECM forecasts, but for misspeci-
fied models the saturation estimators are likely to be captur-
ing misspecification and hence the wrong trends can be extrap-
olated. (6) outperforms all naive benchmarks, indicating that
there is additional information in the system rather than mod-
elling the climate variables equation by equation. Hence, we
conclude that modelling long-run relationships within a sys-
tem via multivariate cointegration is important for climate
modelling.
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6 | Forecasting Climate Variables The +26 uncertainty bands in Figure 9 reflect the degree

The VECM (6) is a statistical approximation to the underlying
physical model but is not a facsimile so is not informative about
theory. It can, however, be useful as a forecasting device, see
Clements and Hendry [74] who consider the implications of
imposing cointegration for forecasting. Other than ENSO and NF
the model is closed, that is, all variables are modelled and so
absent future shifts, for example driven by policy or technolog-
ical change, we can project infinitely far into future. Hendry and
Mizon [75] provide a forecast error taxonomy for open models
which highlights the many additional forecasting errors that can
arise from open systems. To keep the system closed we forecast
the exogenous variables using Cardt (see Doornik et al. [76]), but
as both are I(0) regressors which only have temporary effects on
the system they will not affect the long-horizon forecasts.

Figure 9 records projections for the system in levels up to 2100.
As we have projections for GHG and AF from Miller et al. [37]
up to 2100 (using the E2.1-G NINT {2 model with SSP2-4.5) we
plot our forecasts against those projections. The IPCC embed
current and future climate mitigation strategies showing green-
house gas forcing is anticipated to dampen over the second
half of the century. As our model is agnostic to policy inter-
ventions we do not forecast this slow down, that is, based on
the current trajectory for radiative forcing we forecast global
temperatures to increase by 3.4°C above the 1850-1900 average
temperature, far exceeding the Paris accord. Ocean heat con-
tent is projected to increase to 85 x 10?2J above the 1971-2000
average, within the IPCC uncertainty bands [77] of 80 — 310 x
10?2 J. The sea level is projected to rise by 352mm above the
1993-2008 average, and Arctic sea-ice extent is projected to fall to
5,400,000 m/km?.

of uncertainty in the system. The narrowest bands show the
error variance only. The slightly larger dashed bands reflect
the additional parameter estimation uncertainty, all close to
the error variance bands reflecting a low degree of uncertainty
over the parameters. The widest bands are computed for the
VECM with no saturation, denoted ‘+ future breaks’. Condition-
ing on past breaks suggests greater confidence in future fore-
casts as it assumes no breaks over the forecast horizon. If the
same frequency and magnitude of breaks were to occur over
the forecast horizon as during the in-sample period, then we
would expect much larger uncertainty bands. The uncertain-
ties increase dramatically if we look more than 50years out, as
expected.

The forecasts in Figure 9 are unconditional, but as the future path
of GHGs is highly uncertain, dependent on human use of fos-
sil fuels and agriculture, we look at projections conditional on
possible future scenarios. Meinshausen et al. [78] provide annual
observations for well-mixed GHG surface air mole fraction con-
centrations under 9 alternative SSP scenarios [5] which we con-
vert to GHG radiative forcing, see Appendix A for details. The
range of scenario GHG forcing paths under the various SSPs is
given in Figure 10.

To implement the forecasts assuming a projected path for GHG
forcing we change GHG and AF from endogenous to exogenous
and estimate the four variable system conditioning on GHG and
AF. The model is unchanged in-sample, but by setting the radia-
tive forcing variables to exogenous we condition on their ’known’
future values. This allows us to implement the scenario paths for
GHG forcings and the IPCC central projections for AF (shown
in Figure 9b). The cointegrating relations are identities so are

12
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FIGURE11 | Projections of climate variables from 2024 to 2100 for SSPs. Uncertainties in 2050 and 2100 detailed in Figure 12.

forecast within the system using the scenario projections for GHG
and AF central projections.

Figure 11 records the range of forecasts for the climate variables
based on the scenarios for GHG given by Figure 10.% The figure
reflects an alternative measure of uncertainty to that in Figure 9,
namely uncertainty over future mitigation policy. The range of
projections is recorded in Figure 12 for comparison. The largest
uncertainty comes from future breaks while the scenarios also
demonstrate the wide degree of uncertainty depending on our
ability to mitigate GHG emissions.

We can compare the scenario projections with those from the
IPCC [79], notwithstanding some caveats. The IPCC [79] projec-
tions commence in 2015 so our forecasts condition on 8 more
years of observed data over which the climate conditions have
significantly worsened; the IPCC scenarios use different bench-
marks for the anomalies so we adjust our forecasts for a mean
shift; and the IPCC Arctic sea-ice projections are for September so
we adjust our annual average forecasts for the difference between
the annual average and September for a comparison, also see
Diebold and Rudebusch [80]. Table 6 records the range from the
IPCC along with our point estimates for comparison.
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(D) range of forecasts from the SSP1-5 projections for GHG.

TABLE 6 | Comparison of long-run scenario projections.
AT (C) OHC (10*J) ICE (10° km?) GSL (m)

IPCC (6) IPCC (6) IPCC (6) IPCC (6)

2050
SSP1-2.6 1.39-2.16 2.12 30.2-74.3 78.9 0.20-6.18 3.72 0.17-0.26 0.17
SSP2-4.5 1.61-2.40 2.39 39.3-71.0 85.3 0.03-5.84 2.64 0.18-0.27 0.19
SSP3-7.0 1.74-2.56 2.60 42.1-76.0 90.7 0.04-5.79 1.76 0.19-0.28 0.21
SSP5-8.5 1.90-2.87 2.68 45.2-82.5 91.8 0.03-4.82 1.40 0.22-0.31 0.21

2100
SSP1-2.6 1.32-2.32 2.50 62.4-177.4 110.4 0.03-6.17 4.48 0.40-0.69 0.26
SSP2-4.5 2.14-3.57 3.71 92.6-204.8 158.2 0-4.78 1.45 0.50-0.81 0.41
SSP3-7.0 3.07-5.03 5.20 124.6-244.4 2111 0-2.93 0 0.58-0.92 0.59
SSP5-8.5 3.56-6.22 5.98 144.0-306.0 240.3 0-2.11 0 0.69-1.05 0.69

Note: Comparison of IPCC [79] projections (90% ranges) and this study (point estimates using system model (6)) for climate variables in 2050 and 2100 under different SSPs. IPCC projections
commence in 2015, (6) projections condition on information up to 2023. Bold indicates (6) point projection within IPCC bands. AT: Adjusted by —0.365 C for 1850-1900 benchmark. OHC: adjusted by

12.3 x 10?J to correspond to Yu et al. [81] with bands in 10> Joules relative to 1995-2014.

GSL: Adjustment of —0.016 m for [IPCC 1995-2014 baseline; ICE: Adjustment of 5.73 x 10°km? to approximate September estimate from annual average for comparison.

Our projections for ICE all lie within the IPCC ranges, but our
projections for AT are on the high-side relative to IPCC, likely
due to the increased observed temperature over the 2015-2023
period relative to the IPCC scenario projections.

Our estimates for OHC are higher than the IPCC bands for 2050
but lie within the bands for 2100. Differences are likely due to
transient response of the ocean to radiative forcing with depth.
While our model is sensitive to changes up to 2000 m water depth
(constrained by the data) but not below it has been shown that
warming at this depth was (a) delayed by Holocene climate in
the 20th century and (b) is projected to contribute later in the 21st
century [82].

Our estimates for sea-level change are on the low side relative to
the IPCC, likely due to the treatment of thermal expansion and
land-ice as one variable despite their different temporal response
to radiative forcing [83]. Thermal expansion and glacier contri-
butions dominate most of the observed sea level record, with
Antarctica and Greenland only recently increased their share
[36]. Thus, our model mostly represents the thermal expansion
and glacier components. This hypothesis is supported by com-
paring the sum of these projected components in Fox-Kemper
et al. [77] giving a 2100 sea-level range of 15— 570mm with
our 170 — 690 mm range across SSPs, which shows strong
overlap.
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7 | Conclusions

The two component EBM is statistically well-represented by a
cointegrated vector equilibrium correction model. We extended
the model of surface temperature and ocean heat content being
driven by radiative forcing to include Arctic sea-ice extent and
global mean sea-level change. Four cointegrating relations led to
a stable system in which the stochastic trend in radiative forcing
due to anthropogenic activity explained the long-run evolution of
global temperature rise, sea-ice decline and sea-level rise. Indica-
tor saturation estimation to model breaks in mean and trend was
crucial to obtaining stable cointegrating relations, which allowed
for long-run dynamic forecasts to be made.

The cointegrated VAR methodology produced more accurate ex
post forecasts than the equivalent statistical models that ignored
either the long-run (the VAR and DVAR) or system effects (uni-
variate forecasting models). It also enabled the quantification of
various measures of uncertainty within the system, including
model and parameter estimation uncertainty, uncertainty as to
future mitigation paths, and uncertainty over future structural
breaks or shifts. The approach to measuring uncertainty is com-
plementary to physical GCMs which focus on uncertainty over
initial conditions.

A number of authors have shown the relevance of the coin-
tegrated VAR approach to climate data. The CVAR framework
provides sufficient structure to capture the slow adjustments
to long-run physical relations as well as endogeneity between
anthropogenic influences and the physical climate. Given the
40th anniversary of the Oxford Bulletin of Economics and Statis-
tics Special Issue on Cointegration, it is an opportune moment to
reflect on the benefits of the methodology outside of the economic
sphere. The scope for extensions including spatial disaggregation
to allow for polar amplification and ocean circulation and mea-
sures of salinity, glaciers, and permafrost, and so on are all left for
future research, but we anticipate the cointegration framework
will prove useful in all of these contexts.
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Endnotes

Thttps://www.doornik.com/.

2See Table A2 in Appendix A for descriptive statistics of the data.

3Results for a model in which all radiative forcing is aggregated is avail-
able in the Supporting Information material. I(0) and I(1) regressors can
be aggregated without changing the statistical properties of the data as
the I(1) trend dominates, allowing for a system driven by endogenous
total effective radiative forcing.

4The notation and ordering used here differs from Pretis [4] to correspond
to the variable labels used in this paper.

SSub-sample 1 spans 1883-1962 (80 observations), sub-sample 2 spans
1963-1991 (108 observations over the two sub-samples) and the final
sub-sample extends from 1992 to 2023. These break dates imply a = 0.21
and b = 0.23 in Kurita and Nielsen [51]. To calculate the quantiles we
define p = 8 (endogenous and exogenous regressors), m = 6 (endoge-
nous regressors), k = 3 (lag length) and 7" = 141 (number of observa-
tions).

SADF t-statistics for a constant, with lag length chosen by AIC: C, =
-5.11%; C, = —4.38"; C, = —2.65"; C; = —4.71**, where * = 10% and
* = 1%.

"The trend breaks are excluded to avoid collinearity with the anthro-
pogenic forcings. The estimated cointegrating relations excluding
restricted trends are:

1 0.483 -1.418 0 00
(0.125)  (0.000)

0 —0.340 1 —-0.011 0 0
p = (0.088) (0.002)
—-0.325 0 0 0.505 1 0f
(0.000) (0.101)
12.55 0 —-9.29 —-0.865 0 1
(11.07) (1.59)  (0.6004)

8The blip in projections for ICE at the start of the forecast horizon is due
to the forecast initialization and does not affect the forecast trajectory.
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Appendix A

TABLE A1 | Data sources.

Label Units Description Source

AT °C Global mean surface temperature anomaly® OWID

Tnu °C Northern hemisphere mean surface temperature anomaly?® OWID

Tsy °C Southern hemisphere mean surface temperature anomaly? OWID

SST °C Global sea surface temperature anomaly” OWID

SSTny °C Northern hemisphere sea surface temperature anomaly® OWID

SSTsy °C Southern hemisphere sea surface temperature anomaly® OWID

OHC 10227 Ocean heat content in top 2000 m® OWID & Zanna et al. [35]
OH 10%2J Ocean heat content in top 700 m® OWID

ERF W/m? Total effective radiative forcing® NASA

ERF g6 W/m? Effective radiative forcing for GHGs? NASA

ERF 0501 W/m? Effective radiative forcing for aerosols? NASA

ERF, im0l W/m? Natural effective radiative forcing® NASA

ICE m/km? Arctic sea-ice extent® NSIDC & Copernicus
GSL mm Global mean sea-level change® Frederikse et al. [36] with OWID and NOAA
ENSO °C El Nifio Southern Oscillation index® NOAA JIASO

NAO hPa North Atlantic Oscillation index! NCAR

2 Average land-sea temperature anomaly relative to the 1961-1990 average temperature. Data available from Met Office Hadley Centre: CRUTEMS surface air temperature dataset.

Sea surface temperature anomaly relative to the 1961-1990 average temperature. Data available from Met Office Hadley Centre: HadSST4 sea-surface temperature dataset.

€Ocean heat content is measured relative to the 1971-2000 average, which is set at zero for reference. Original source: NOAA National Centers for Environmental Information. Three alternative
measures include Institute of Atmospheric Physics (IAP); National Oceanic and Atmospheric Administration (NOAA); and Meteorological Research Institute (MRI). Annual data available from 1955
(700 m) and 1957 (2000 m). To extend the series to 1860 we use the latent measure of OHC derived from Zanna et al. [35], average the three observational series (with an adjustment for the observations
for 2021, 2022 and 2023 as the MRI and IAP measures end in 2020) and splice the two together in 1957 so the latter part of the sample is observational.

dEffective radiative forcing at the top-of-the-atmosphere in the E2.1-G (f2) model, from CMIP6 Simulations, see Miller et al. [37]. Time-series are provided for all forcings together, just natural forcings,
and greenhouse gas and aerosols separately, encompassing the historical times series (1850-2014) and SSP2-4.5 (2015-2100). Smoothed data obtained from Hodrick Prescott filter [38] with

bandwidth 10.

¢Sea-ice extent records total area of the oceans with sea-ice concentrations of 15% or more. Monthly gridded data from 1850 to 2017 from Walsh et al. [39] for northern hemisphere taken on 15th of each
month. From 2018 onwards we use monthly data measuring sea-ice extent anomalies relative to 1991-2020 in the Arctic from Copernicus. We average the data over 12 months and infer the level from
the anomaly data using NSIDC data over 1991-2020.

fGlobal mean sea-level change is measured relative to the 2002-2018 average sea level from Frederikse et al. [36] for the period 1900-2018 and corrected for groundwater depletion, water
impoundment in artificial reservoirs and natural terrestrial water storage. The data are extrapolated backwards from 1900 to 1880 using the growth rate of sea-level change from Church and White [40].
Observations for 2019-2023 are updated from NOAA and spliced.

8ENSO data are spliced data from two sources. Data from 1950 to 2023 are from the NOAA National Weather Service Climate Prediction Center recording a 3 month running mean of ERSST.v5 SST
anomalies in the Nifio 3.4 region (5'N-5°S, 120°-170°W), based on centered 30-year base periods updated every 5 years. Annual data are averages across the 12 3-month averages for each year. Data for
1860-2010 are available from JIASO as monthly data on the average sea surface temperature anomaly with respect to the period 1950-1979, equatorward of 20° latitude (north and south) minus the
average sea surface temperature poleward of 20°. The different spatial areas of the two measures mean the standard deviations of the two series differ. The series are spliced using estimated standard
deviations over the samples available: ENSO = ENSOs X (0.618/0.175).

"Hurrell Station-Based Annual NAO Index from Hurrell and Phillips [41]. Also see NOAA.

Descriptive Statistics for the Climate Data

TABLE A2 | Descriptive statistics.

~ A~ ~ ~

U o K K, Norm ADF ZA TIS

ERF 0.66 0.75 1.28 0.98 88.5%* -3.11 -3.19 1963
GHG 1.18 0.95 0.70 —0.88 59.2%* —0.63 —5.32%* 1966

AF -0.70 0.42 —0.05 -1.60 39.7%* —2.96 —2.82 1964;1997
NF —0.04 0.37 —2.65 8.91 242%* —6.57** —6.35%* None

AT —0.02 0.39 0.76 —0.21 32.7%* —2.52 —3.88 1940;1964
OHC —11.84 19.0 0.40 —0.74 13.7%* —2.46 —4.38* 1910;1995
ICE 12.88 0.85 -1.31 0.55 137%* —-1.41 -3.75 1967;1995;2019
GSL —108.1 73.2 0.31 —0.95 15.0%* -2.01 —3.28 1965;2012

Note: Statistics reported for T = 1880 — 2023. GHG and AF statistics are for the smoothed data used in the empirical modelling. 7 = sample mean; ¢ = sample standard
deviation; &, = sample skewness; ¥, = sample excess kurtosis. Norm = 2(2) test of normality (see Doornik and Hansen [22]). ADF is Augmented Dickey Fuller test with
constant and trend for all variables apart from NF which was conducted with just constant. Lag length chosen by AIC. ZA is Zivot and Andrews [23] test for stationarity
with an unknown structural break, where we allow for a break in trend. Critical values are —4.93 (1%); —4.42 (5%); and —4.11 (10%). TIS denotes the break dates selected by
trend indicator saturation (Castle et al. [24]) with a forced constant and linear trend applying selection at « = 0.0001. For all tests, ** and * denotes significance at 1% and
5%, respectively.
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https://data.giss.nasa.gov/modelforce/
https://data.giss.nasa.gov/modelforce/
https://nsidc.org/data/g10010/versions/2
https://ourworldindata.org/grapher/sea-level
https://www.climate.gov/news-features/understanding-climate/climate-change-global-sea-level
https://origin.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ONI_v5.php
http://research.jisao.washington.edu/data/globalsstenso/
https://climatedataguide.ucar.edu/climate-data/hurrell-north-atlantic-oscillation-nao-index-station-based

Calculation of GHG Forcings Under Alternative SSPs

O’Neill et al. [84] give five SSPs that embody different narratives on pop-
ulation, GDP and urbanisation trajectories, as well as assumptions on
energy and land use sectors, that are used by the IPCC. Meinshausen et al.
[78] provide annual observations for well-mixed GHG surface air mole
fraction concentrations under 9 alternative SSP scenarios. To use these
scenarios in our model we convert the concentrations to radiative forcing
using Boucher et al. [65] (Table 6.2) taking the five largest components
including CO,, CH,, N, 0, CFC-11 and CFC-12. First, defining:

C = CO, in ppm
M = CH, in ppb
N = N,O in ppb
X = CFC in ppb

the conversions are given by:

AFgo, = o (8(C) = g(Cy));  &(C) =1In(1+1.2C +0.005C% +1.4x107°C?)

AFgy, = az(\/ﬁ— \/H(,) — (£ (M, Ny) = f(Mq, Ny))

AFyy0 = a5(VN = VN ) = (£ (Mo, N) = £(Mq, Ny)

AFcpeoqy = (X = Xo)

AFcpe-1z = “S(X - Xo)
where f(M,N)=0.47In[1+2.01 X 1073(MN)*7> +5.31 x 10°° M
(MN)'52] and a, = 3.35, a, = 0.036; a; = 0.12; a, = 0.25; a5 = 0.32. Sub-
script O is taken to be the concentration level in year 1, also reported in
Meinshausen et al. [78]. The radiative forcings are then summed to give

GHG under the alternative concentration paths based on SSPs, recorded
in Figure 10.
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