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ARTICLE INFO ABSTRACT

JEL classification: Climate variables are known to be subject to abrupt changes when some threshold levels are surpassed. We

C32 use data for the last 798,000 years on global ice volume (Ice), atmospheric carbon dioxide level (CO,), and

c38 Antarctic land surface temperature (Temp) to model and measure those long-run nonlinear climate effects.
51 The climate variables have very long and asymmetric cycles, created by periods of upward trends, followed by
C52 . . . . . . .

53 periods of downward trends driven by exogenous orbital variables. The exogenous orbital variables considered

054 by the Milankovitch cycles are eccentricity of Earth’s orbit, obliquity, and precession of the equinox. We
show that our new score-driven threshold ice-age models improve the statistical inference and forecasting
performance of competing ice-age models from the literature. The drawback of using our 1000-year frequency
observations, is that we cannot measure the nonlinear climate effects of humanity created during the last
250 years, which are known to have generated abrupt structural changes in the Earth’s climate, due to
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unprecedented high levels of CO, and Temp, and low levels of Ice volume. On the other hand, the advantage
of using low-frequency data is that they allow us to obtain long-run forecasts on what would have occurred
if humanity had not burned fossil fuels since the start of the Industrial Revolution. These long-run forecasts
can serve as benchmarks for the long-run evaluation of the impact of humanity on climate variables. Without
the impact of humanity on climate, we predict the existence of turning points in the evolution of the three
climate variables for the next 5,000 years: an upward trend in global ice volume, and downward trends in
atmospheric CO, level and Antarctic land surface temperature.

1. Introduction

Climate change is the most important global issue on Earth. Com-
pared to the end of the 19th century, the global surface temperature
for the end of the 21st century is very likely to rise by 1.0 to 1.8
degrees Celsius (°C) under the “very low greenhouse gas emissions
scenario”, by 2.1 to 3.5 °C for the “intermediate scenario”, and by
3.3 to 5.7 °C under the worst-case scenario, “very high greenhouse
gas emissions scenario” (Intergovernmental Panel on Climate Change,
2021). The latter scenario implies dramatic consequences on nature and
wildlife in terrestrial, wetland, and ocean ecosystems, and on humanity
with respect to food and water security, migration, health, higher risk
of conflict worldwide, reduction of global economic product, and a
possible collapse of the current societal organization. Climate change
is due to exogenous orbital variables during the history of Earth, and
partly the influence of humanity during the most recent 10,000 to
15,000 years.

First, during the 4.5 billion-year history of Earth, climate change
was driven by orbital variables which influenced global ice volume,

atmospheric carbon dioxide (CO,) level, and land surface temperature.
The atmospheric CO, level and land surface temperature are related to
melting glaciers and sea ice. Hence, we name the climate-econometric
models of those variables as ice-age models, in accordance with the
work of Castle and Hendry (2020). The main orbital variables which
drive Earth’s climate are: (i) changes in the non-circularity of Earth’s
orbit with a period of 100,000 years, (ii) changes in the tilt of Earth’s
rotational axis relative to the ecliptic with a period of 41,000 years,
and (iii) circular rotation of the rotational axis itself, which changes
the season at which Earth’s orbit is nearest to the Sun, with a period
that is between 19,000 to 23,000 years. The cycles of those variables
(i.e., the Milankovitch cycles) are the most important orbital variables
which influence Earth’s climate, and we use them as strictly exogenous
explanatory variables in our climate-econometric models.

Second, the influence of humanity on Earth’s climate started ap-
proximately 10,000 to 15,000 years ago, by commencing agricultural
activities such as cultivating plants and livestock (Ruddiman, 2005).
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Fig. 1. Evolution of Ice,, CO,,, and Temp, from 798,000 years ago to 1000 years ago.

Source: Castle and Hendry (2020).

That influence significantly increased after the Industrial Revolution
(from 1769 to 1840, approximately), and it has further increased with
an accelerating growth rate since then. Earth’s population rose from
1 billion in 1800 to 8 billion in 2022, which was associated with a
significant global-scale economic expansion. One of the consequences
is rising global greenhouse gas emissions (GHGS).

In the recent work of Blazsek and Escribano (2022), the score-
driven ice-age model is introduced, and it is shown that the statistical
performance of the score-driven ice-age model is superior to the sta-
tistical performance of the ice-age model of Castle and Hendry (2020).
Moreover, Blazsek and Escribano (2022) also show that the forecasting
performances of both models are similar and not very effective for the
climate variables for the last 10,000 to 15,000 years when humanity
influenced Earth’s climate. The present paper is motivated by this issue,

and we introduce the score-driven threshold ice-age model to improve
forecasting performances.

We use the same data for climate and orbital variables for the last
798,000-year period as Castle and Hendry (2020) and Blazsek and
Escribano (2022), and we forecast global ice volume, atmospheric CO,,
and Antarctic land surface temperature for the last 100,000 years of the
sample and the forthcoming 5000 years. We use 1,000-year frequency
observations, which do not allow the measurement of climate effects
of humanity for the last 250 years when a new regime started in
Earth’s climate with unprecedented high levels of CO,, and Temp,, and
unprecedented low levels of Ice,.

First, we introduce the score-driven Markov-switching (MS) ice-age
model, and we provide evidence of structural changes in the climate,
indicating periods of sharply increasing CO,, and Temp,. Motivated
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by this, by using Ward’s linkage clustering method (Ward, 1963), we
define dummy variables which indicate subperiods in Earth’s climate,
and we introduce the score-driven threshold ice-age model. The results
support the use of the threshold ice-age models, since the forecasting
performances of the models of Castle and Hendry (2020) and Blazsek
and Escribano (2022) for the last 100,000 years are improved. Our in-
sample forecasting results, compared to the corresponding results of
the aforementioned authors are impressive, motivating the use of the
new score-driven threshold ice-age models. Finally, we provide out-of-
sample forecasts of the climate variables for the following 5000 years,
and we show a turning point for the climate variables: an increasing
global ice volume Ice,, a decreasing atmospheric CO,, volume, and a
decreasing Antarctic land surface temperature Temp, are predicted for
the forthcoming period. Those forecasts can be interpreted as bench-
marks, which would have occurred if humanity had not burned any
fossil fuels since the Industrial Revolution.

The remainder of this paper is organized as follows: Section 2 de-
scribes the climate and orbital data. Section 3 presents the econometric
methods and the empirical results. Section 4 concludes.

2. Data

All data in this paper are from Jennifer L. Castle and David F.
Hendry (Castle and Hendry, 2020). In this section, we provide a de-
scription of the dependent and explanatory variables.

The dependent variables are global ice volume Ice,, atmospheric
CO,, volume, and Antarctic land surface temperature Temp,, which
are observed for the period of 798,000 years ago to 1000 years ago
with a 1,000-year observation frequency. The data source of global ice
volume Ice, is the work of Lisiecki and Raymo (2005), in which time
series of the §'80, obtained from calcium carbonate (CaCO3) shells of
foraminifera, are used to approximate temperature. Those authors use
benthic records of foraminifera from seafloor sediment, which were col-
lected at 57 globally distributed sites. Those sites are well-distributed
in latitude, longitude, and depth in the Atlantic, Pacific, and Indian
Oceans. The data source of atmospheric CO,, is the work of Liithi
et al. (2008), in which changes in past atmospheric CO, concentrations
are determined by measuring the composition of air trapped in ice
cores from Antarctica. Within the European Project for Ice Coring in
Antarctica (EPICA), two deep ice cores have been drilled at the Kohnen
Station and the Concordia Station (Dome C). The drillings were stopped
at or a few meters above bedrock at a depth of 2,774 meters and 3,270
m, respectively. The data source of Antarctic land surface temperature
Temp, is the work of Jouzel et al. (2007), in which temperature data
were obtained within the EPICA at the Concordia Station (Dome C), by
using deuterium 6D;.. measurements from the surface down to 3,259.7
m.

The exogenous explanatory variables are eccentricity of Earth’s orbit
Ec,, obliquity of Earth’s rotational axis relative to the ecliptic Ob,,
and precession of the equinox Pr,. We obtained data for the period of
798,000 years ago to 100,000 years in the future (from the present)
with a 1,000-year observation frequency. Nevertheless, for the out-
of-sample predictions of this paper, we focus on the data for the
forthcoming 5000 years from the future data. The sources of those data
are the works of Paillard et al. (1996) and Castle and Hendry (2020).
Additional explanatory variables, which are exogenous to humanity are
omitted from the econometric models of this paper. For example, the
following variables are omitted: (i) the variations in the Sun’s radiation
output, (ii) volcanic eruption particles in the atmosphere and ice cover,
and (iii) changes in the magnetic poles. For further discussion on why
these variables are omitted, see the Appendix in the work of Blazsek
and Escribano (2022).

In Table 1, the dependent and explanatory variables for the histor-
ical period are presented. The table shows the definitions of variables,
observation period, units of measurement, data sources, and some
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descriptive statistics for each variable. Due to the 1,000-year observa-
tion frequency, we cannot measure the effects of humanity on Earth’s
climate for the last decades, or predict climate data for the forthcoming
decades. Hence, we cannot comment on the results of the Intergov-
ernmental Panel on Climate Change (2021), and we are not able to
measure the impact of humanity compared to the climate impact of
the Milankovitch cycles since the Industrial Revolution. Therefore, the
forecasts of future values of the climate variables reported in this paper
can be interpreted as benchmarks, which would have occurred if the
humanity had not burned any fossil fuels during the last 250 years.

In Figs. 1 and 2, the evolution of the dependent and explanatory
variables, respectively, are presented. According to Figs. 1(b) and 1(c),
atmospheric CO,, and Antarctic land surface temperature Temp,, re-
spectively, remarkably are in unison. In Fig. 1(a), it can also be noticed
that global ice volume Ice, moves in the opposite direction from CO,,
and Temp,, creating the ice-age and inter-glacial periods periodically.
The cyclical evolution of the dependent variables, which is partly due
to the three main interacting orbital changes over time affecting solar
radiation, is clearly observed in Figs. 1 and 2.

In Fig. 1, a significant impact of the Milankovitch cycles on Earth’s
temperature is observed for the last 21,000 years, when the Antarctic
land surface temperature increased from the —9.5177 °C of 21,000 years
ago to the —0.2174 °C of 11,000 years ago. That sharp increase is due to
the Milankovitch cycles, because during that period of time humanity
had little influence on Earth’s climate. From 10,000 to 1000 years
ago, when humanity influenced more Earth’s climate, the Antarctic
land surface temperature was at a relatively stable high level with a
—0.6060 °C average and a 0.4539 °C standard deviation. Hence, from
the Antarctic land surface temperature time series we do not see direct
evidence of the impact of humanity on climate for the period of the
last 10,000 years. Our results can be used as benchmarks for researchers
who use more frequently observed data for the last 250 years to predict
climate variables, in order to separate the effects of orbital variables
and humanity in their forecasts.

3. Climate-econometric models
3.1. Score-driven ice-age model

Score-driven time series models are introduced in the works of Creal
et al. (2008) and Harvey and Chakravarty (2008). Those authors name
the score-driven models generalized autoregressive score (GAS) and
dynamic conditional score (DCS) models, respectively. Score-driven
models are observation-driven time series models (Cox, 1981), in which
the filters are updated using the scaled conditional score functions of
the log-likelihood (LL) of the dependent variables. Score-driven models
are estimated by using the maximum likelihood (ML) method (Harvey,
2013; Blasques et al., 2022).

Some of the statistical advantages of the score-driven models are the
following. (i) The updating mechanisms of those models are general-
izations of those of the classical time series models such as: ARMA (au-
toregressive moving average) (Box and Jenkins, 1970), GARCH (gen-
eralized autoregressive conditional heteroskedasticity) (Engle, 1982;
Bollerslev, 1986), and VARMA (vector ARMA) (Tiao and Tsay, 1989).
(ii) Score-driven models are robust to outliers and missing observations
(Harvey, 2013; Blazsek and Escribano, 2016a,b, 2022; Ayala et al.,
2022). (iii) A score-driven update locally reduces the Kullback-Leibler
distance between the true and estimated values of the score-driven
filter in every step, and only score-driven models have this property
(Blasques et al., 2015). Thus, score-driven filters use an information-
theoretically optimal updating mechanism. These advantages of the
score-driven models motivate their application to climate data. We
also note that the linear updating mechanisms of ARMA and VARMA,
and the quadratic updating mechanism of GARCH are optimal from an
information-theoretic perspective only if the data generating process
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Table 1
Descriptive statistics.
(a) Dependent variables Ice, CO,, Temp,
Variable Ice volume Atmospheric CO, Antarctic-based land surface temperature
Data frequency 1,000 years 1,000 years 1,000 years
Measurement Based on the §'%0 proxy 1 unit = 780 gigatonnes of CO, 1 unit =1 °C

Data source

Lisiecki and Raymo (2005)

Liithi et al. (2008)

Jouzel et al. (2007)

Descriptive statistics for the dependent variables for the historical period:

Start date 798,000 years ago 798,000 years ago 798,000 years ago

End date 1,000 years ago 1,000 years ago 1,000 years ago

Sample size 798 798 798

Minimum 3.1000 1.7269 -10.2530

Maximum 5.0800 2.9500 3.7662

Mean 4.1707 2.2382 —5.2892

Standard deviation 0.4467 0.2546 2.9009

(b) Explanatory variables Ec, Ob, Pr,

Variable Eccentricity of Earth’s orbit Obliquity Precession of the equinox
Data frequency 1,000 years 1,000 years 1,000 years
Measurement Periodicity deriving from the Periodicity deriving from the Periodicity deriving from the

Data source

changing non-circularity of Earth’s orbit

(zero denotes circularity).
Paillard et al. (1996)

changes in the tilt of Earth’s rotational axis

relative to the ecliptic (1 unit = 10 degrees).

Paillard et al. (1996)

precession of the equinox
(1 unit = 1 degree).
Paillard et al. (1996)

Descriptive statistics for the explanatory variables for the historical period:

Start date

End date

Sample size
Minimum
Maximum

Mean

Standard deviation

798,000 years ago
1,000 years ago
798

0.0042

0.0500

0.0271

0.0119

798,000 years ago
1,000 years ago
798

2.2076

2.4455

2.3342

0.0591

798,000 years ago
1,000 years ago
798

0.0008

0.3593

0.1802

0.1039

(DGP) has a normal distribution, which may not be satisfied in practical
applications.

In the work of Castle and Hendry (2020), estimation and forecasting
results are presented for a general unrestricted model (GUM), named
the ice-age model. In the work of Blazsek and Escribano (2022), the
score-driven ice-age model is introduced. Those authors show that
the statistical performance of their model is superior to the statistical
performance of the ice-age model of Castle and Hendry (2020). Nev-
ertheless, Blazsek and Escribano (2022) also show that the forecasting
performance of the score-driven ice-age model does not improve the
forecasting performance of the ice-age model of Castle and Hendry
(2020). Blazsek and Escribano (2022) find that the multi-step ahead
forecasting results for the climate variables indicate that both models
fail to predict well the evolution of climate variables for the last 10,000
to 15,000 years, when humanity has influenced Earth’s climate. On the
forecasting results, see Castle and Hendry (2020, p. 111) and Blazsek
and Escribano (2022).

The starting point of the econometric modeling of this paper is the
score-driven homoskedastic ice-age model of Blazsek and Escribano
(2022). Our objective is to improve the statistical and forecasting
performances of that model, in order to forecast the climate variables
for the forthcoming 5000 years, and predict whether we can expect
a turning point in global warming within that period. The dependent
variables y, (3 x 1) of the ice-age model are y, = (Ice,,CO, , Temp,)
for t = 1,...,T, where Ice, denotes global ice volume, CO,, denotes
atmospheric carbon dioxide level, and Temp, denotes Antarctic-based
land surface temperature. The order of the variables in y, is defined in
the work of Castle and Hendry (2020). In the remainder of this section,
we review the score-driven ice-age model:

Ve =Mt 0 (€Y)

we=vo+ Iy + Iz, + I3z, +¥u,_ 2)

where v, ~ 13(0,2,v) is the reduced-form error term which has a
multivariate i.i.d. z-distribution, where the scale matrix is ¥ = QQ'

(3 x 3), for which 2 (3 x 3) is a lower-triangular squared matrix
with positive elements in the diagonal, and v > 2 is the degrees
of freedom parameter (the restriction on the parameter space v > 2
ensures that the covariance matrix of v, is well-defined). The variance
of the reduced-form error term is factorized, as follows:

Var(v,)=2xvi2:(VXZ)I/ZXQQ,X( vz)l/z .

Based on that, the following multivariate i.i.d. structural-form error
term ¢, is introduced:

b=(5)" axeq @)

where E(¢,) =0, Var(e,) = I3 and ¢, ~ 13[0, I3 X (v = 2) /v, v].

Moreover, yu, (3 x 1) is the conditional mean of y, given F,_; =
V1o -evs Vel 215 -+ - Z4), Uy, (3% 1) is the vector of scaled score functions
(Harvey, 2013), and z, (9 x 1) is the vector of strictly exogenous
explanatory variables. The assumption of strict exogeneity of z, for
score-driven models is from the work of Harvey (2013, p. 56), which is
supported in the work of Castle and Hendry (2020, p. 95). The elements
of z, are three main interacting orbital changes over time affecting solar
radiation that could drive ice ages (Castle and Hendry, 2020):

z, = (Ec,, Ob,, Pr,, Ec, x Ob,, Ec, X Pr,, Ob, x Pr,, Ec?, Ob?, Pr?)/ (5)

where ‘Ec’ measures the eccentricity (i.e., non-circularity) of Earth’s
orbit, ‘Ob’ is obliquity measuring the tilt of Earth’s rotational axis
relative to the ecliptic, and ‘Pr’ is a measure of the precession of the
equinox (i.e., circular rotation of the rotational axis itself).

The conditional mean y, includes the following parameters: the
vector of constant parameters y, (3 X 1), and the parameter matrices
I 3x3), I, (3x9), I3 (3x9),and ¥ (3 x 3). We assume that
the maximum modulus of the eigenvalues of I'| is less than one, which
ensures that g, is asymptotically covariance stationary (Harvey, 2013;
Blasques et al., 2022; Blazsek et al., 2022a,b). We initialize 4, by using
the start values of the dependent variables y,.

For I'}, I, and I3, we use the same restrictions as in the work of
Castle and Hendry (2020), which is also motivated by the general-to-
specific model selection procedure for the score-driven ice-age model
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(a). Eccentricity of Earth’s orbit Ec; (0 eccentricity = circular orbit)
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Fig. 2. Evolution of Ec,, Ob,, and Pr, from 798,000 years ago to 100,000 years in the future. Note: In each panel a vertical thick line divides the past and the future. From the
future data, we focus on the forthcoming 5000 years of data for the out-of-sample predictions in this paper.
Source: Castle and Hendry (2020).

explained in the work of Blazsek and Escribano (2022). Moreover, the restrictions:

same elements of I'| and ¥ are restricted for the score-driven models

as for matrix I'| in the work of Castle and Hendry (2020). According brees = You+ lipikices—t + 113K emp.—1

to Castle and Hendry (2020, p. 104), the following elements of I'; are + 150, E¢ + I 1 4(Ec, X Ob) + Iy 5(Ec, X Pry) 6)

not restricted to zero: Iy, I 3, I22, I123> 132, and I 33. The + I3 B,y + I3, ,0b,_; + I3 4(Ec,_; X Ob,_)

following elements of I, are not restricted to zero: Iy, 1514, I5 355 + W+ Paus

)51, I8, 15315 In34, and Iy 5 5. Moreover, the following elements of

I; are also not restricted to zero: I3 1, 1512, 15145 3015 322> 13245 Heoye = Yozt Ti22kHc0,-1 + 11 23HTempi-1

and I3, + Ty Ec, + Iy g X Ob? o
For the interpretation of the parameter estimates in yx,, we present +1I5,,Ec,_| + I'5,,0b,_; + I3, 4(Ec,_; x Ob,_)

the specification of the conditional location under the aforementioned N TR TN
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= 703+ 1320c0,-1+ 1133HTemp,—1
+I5,Ec, + Iy 5 4(Ec, X Ob,) + I, 5 5(Ec, X Pr,)
+I554(Ec,_; xOb,_;)

HTemp,t

(8)

+W¥30up 1 + W33z,

Egs. (6) to (8) can also be used for the interpretation of parameters for
the score-driven MS ice-age model (Section 3.2) and the score-driven
threshold ice-age model (Section 3.3).

The scaled score function u, is defined as follows. The log of the
conditional density of y, is:

1nf(y,|r,_1;@)=1nr(v+3) —1nr(§> - %ln(ﬂv)— %lanl
)
—V+31n[1+’—’] ©
2 v
where v, = y, — y;, © = (0,,...,0y) is the vector of time-invariant

parameters, which includes the elements of y, I, I, I3, ¥, £, and
v. The partial derivative of the log conditional density In f(y,|F,_;; ©)
with respect to y, is (Harvey, 2013):

-1

dln HC) vyl

FOFiy )=V+32‘1X<1+ ! ’> Utsﬂz"xu,
OHy v v Y

(10)

The scaled score function u, is defined in the second equality of Eq. (10),
where v, is multiplied by [1 + (/X 'v)/vI™! = v/(v+ v/ Z71v) € (0, 1).
Therefore, the scaled score function is bounded by the reduced-form
error term: |u,| < |v,|. All elements of u, are bounded functions of v,
for v < oo (Harvey, 2013), hence all moments of u, are well-defined.
In the work of Harvey (2013), it is shown that u, is multivariate i.i.d.
with mean zero and a covariance matrix:

dln f(y,|F;_1;0) y Ol f(y|F ;0| _ v+3

= xz1 a1
o, ou] v+5 an

Var(y,) = E

In Fig. 3, we present the scaled score function u, as a function of
¢,. The figure presents u, for the estimates for the score-driven ice-
age model. In the three-dimensional graphs of Fig. 3, we present the
elements of «, as functions of ¢, and ¢, ,, where ¢;, = 0 for the purpose
of illustration. The figure indicates that the score-driven ice-age model
is robust to extreme observations.

One of the reasons why the score-driven ice-age model (Blazsek and
Escribano, 2022) and the ice-age model (Castle and Hendry, 2020) are
not able to predict well the climate variables for the last 10,000 to
15,000 years, when humanity has influenced Earth’s climate, is that
they do not account for possible structural changes in the climate DGP.
In the following section, we present a MS model for the climate data to
motivate the use of structural changes in climate-econometric models.

3.2. Score-driven Markov-switching (MS) ice-age model

In this section, we introduce the score-driven MS ice-age model,
and we provide evidence of structural changes in the climate, indi-
cating periods of sharply increasing CO,, and Temp,. We extend the
single-regime score-driven ice-age model as follows:

Vi = mi(s) +v,(sy) 12)

1, (sp) = vo(s)) + Ty (s)p—1(sp) + Th(s)z, + T3(s)z_y + P (su_1(s,)  (13)

for regimes s, = 1,2 and t+ = 1,...,T. The regime variable s, is a
Markov process with the following time-invariant transition probability
parameters: Pr(s, = l|s,_; = 1) = p and Pr(s, = 2|s,_; = 2) = ¢q. The
time-invariant probabilities of regimes are given by: | = Pr(s, = 1) =
(1-¢9)/2-p—q) and 3 =Pr(s,=2)=(1-p)/C-p-9. The asymptotic
covariance stationarity of y, is provided if the maximum modulus of
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all the eigenvalues of I'/(s,) for s, = 1,2 is less than one, where we
denote the maximum moduli for the two regimes by using C; and C,,
respectively. This is a relatively strict condition because it requires that
both regimes are asymptotically covariance stationary. Therefore, we
also use a less restrictive condition of asymptotic covariance stationar-
ity from the work of Blazsek et al. (2021), which allows that one of the
regimes is non-stationary. We define the matrix:

1"1”—1* ]"]ﬁl—
(W2p  LMZ(-g)
1 1

reLa =
1 ( )%( -p) 1 )gq

ry(Hp

nm%a—m
nm%a—m

I(2)q

14

The dependent variable y, in the score-driven MS ice-age model is
asymptotically covariance stationary if the maximum modulus of all
the eigenvalues of A, denoted as Cgy,,, is less than one.

The error term v,(s;) ~ 1[0, 2(s,), v(s,)] has a multivariate i.i.d. -
distribution, where the scale matrix is X(s,) = 2(s,)(s,) (3 x 3), for
which Q(s,) (3 x 3) is a lower-triangular squared matrix with positive
elements in the diagonal, and v(s,) > 2 is the degrees of freedom
parameter.

The filter p,(s,) (3% 1) is the conditional mean of y,|(F,_;,s,) = y,|(y,,

< Y15 215 -+ » 2, 8;). We initialize the conditional mean g, (s,) for both

regimes by using the start values of the dependent variables y,. The
regime-switching conditional mean g, (s,) includes the following param-
eters: the vector of parameters y,(s,) (3x 1), and the parameter matrices
I(s;) B % 3), Iy(s;) B3%x9), I3(s,) (3% 9), and ¥(s,) (3 x 3). For
Iy (s)), T»(s), I3(s,), and ¥ (s,) we use the same restrictions as for the
single-regime score-driven homoskedastic ice-age model (Blazsek and
Escribano, 2022).

In Eq. (13), the filter is updated by z, (9x1), the first lag of z,, and the
conditional mean of the first lags of 4,(s,) and u,(s,) (both 3 x 1), where
the latter is the regime-switching vector of scaled score functions. The
updating terms of y,(s,) are defined as u,_;(s;) = Elp_;(s,—DIFi_y, 5]
and u,_i(s,) = E[u,_;(s,_1)|F;_;,s,]. The computation of these condi-
tional expectations for score-driven models is presented in the work
of Blazsek et al. (2021).

The scaled score function u,(s,) is defined as follows. The log condi-
tional density of y, is:

v(s))+3 v(s;)
In f(y|F_1,550)=Inl" | ———| —=InT" >

> ] - %ln[m/(s,)] (15)

1 v(s)+3 v, () [Z(s)1 " wy(s)
—§1n|2(s,)| - T]n{l + T}

where v,(s;) = y,—p,(s,), © = (04, ..., 0Oy) is the vector of time-invariant
parameters, which includes the elements of y(s,), I',(s)), [5(s,), I3(s,),
Y(s,), £2(s,), and v(s,). The partial derivative of the log conditional
density In f(y,|F,_;, s;; ©) with respect to p,(s,) is:

oln f(y,|F,_1,5,;0)

ou,(s;)
' -1 -1
G L T {1 . M} v(s)  (16)
v(s,) v(sy)
(sp)+3 -
= Vit(—Sl)[Z(S;)] IX“r(St)

The score-driven MS ice-age model is estimated by using the ML
method (Blazsek et al., 2021). We note that the conditional distribution
of y, depends only on the contemporaneous regime s,, which greatly
simplifies the statistical inference of the model.

For the empirical results reported in this paper only parameters
vo(s;) and I (s,) are regime-switching. This is a result of an extensive
work on a general-to-specific approach involving a large number of esti-
mations of alternative score-driven MS ice-age model specifications, to
determine which parameters should be regime-switching to effectively
separate the regimes. We start with the most general version of the MS
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(a). u1,+ as a function of €14 and ez ¢
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Fig. 3. Robustness of the scaled score function to extreme values. Note: ¢;, =0 is assumed for this figure.

model in which all parameters of the score-driven ice-age model are
regime-switching. We impose single-regime restrictions on the parame-
ters step-by-step, until we find the best-performing MS specification, in
which only y,(s,) and I (s,) are regime-switching. Moreover, we assume
that there are two latent states s, € {1,2}, which is supported by using a
likelihood ratio (LR) test for MS models (Kasahara and Shimotsu, 2018)
in a preliminary analysis.

In Table 2(a), by using the estimation window for the period of
798,000 years ago to 1000 years ago, we present the parameter esti-
mates and diagnostic test results for the score-driven MS ice-age model.
The C;, C,, and Cgy,, statistics indicate that y, is covariance stationary.
The Ljung-Box (LB) tests (Ljung and Box, 1978) for v, and 4, indicate
that all elements of those vectors form an independent time series.
These diagnostic test results support the MS model specification.

We use the score-driven MS ice-age model to show evidence of
structural changes in the climate variables, which are not captured
by the ice-age model (Castle and Hendry, 2020) and the score-driven

ice-age model (Blazsek and Escribano, 2022). In Fig. 4, by using the
estimation window for the period of 798,000 years ago to 1000 years
ago, we present the evolution of the smoothed probability of s, = 1,
ie., 7, = Pr(s, = 1|y, ...,yr), and climate variables Ice,, CO,,, and
Temp, for the period of 798,000 years ago to 1000 years ago. We note
that the computation of 7, for score-driven MS models is presented
in the work of Blazsek et al. (2021). Fig. 4 indicates that s, = 1 is
associated with sharp increases in the Atmospheric carbon dioxide level
CO,, and Antarctic-based land surface temperature Temp,, for which
we find that s, = 1 is not persistent. On the other hand, s, = 2 indicates
the rest of the time periods, for which we find that s, = 2 is highly
persistent and dominates most of the observation period. The results
indicate structural changes for the variables Ice,, CO,,, and Temp,.

3.3. Score-driven threshold ice-age model

Motivated by the results on the score-driven MS ice-age model,
we cluster the climate observations using Ward’s linkage clustering
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Table 2

In-sample estimates for the score-driven Markov-switching (MS) ice-age model, and the score-driven threshold ice-age model for two clusters with respect to Temp,, where the
latter specification provides the most accurate forecasts for the last 20,000 years) (see Table 3), for the period of 798,000 years ago to 1000 years ago.

(a). Score-driven Markov-switching ice-age model
Regime 1 = sharply increasing Temp,; Regime 2 = otherwise

(b). Score-driven threshold ice-age model with clustering with respect to Temp,
Regime 1 = low Temp,; regime 2 = high Temp,

700D Y002 . You(D) 0.9571) ) C 0.8376

Yo2(1) %02(2) 1.1293*%%(0.3149) Yo2(1) *#%(1.0618) %02(2) C, 0.9074

Yos(D) Y032 —1.0862(0.8078) Yos(D) Y03(2) LB v,  20.3465(0.8515)
I, I, I, I, LB v,,  27.5458(0.4887)
I I,52) I3 I,5(2) LB vy,  30.5789(0.3361)
5,1 I5,(2) I, I1,,(2) LB u,,  22.0181(0.7805)
I55(1D) I,3(2) [55(1) I,5(2) LB u,,  25.6766(0.5908)
T30 I5,2) Iy5,(1)  —1.9465%(1.1069) I5,(2) LB u;,  34.7165(0.1783)
I55(1) I55(2) I35(1) 0.9392%%%(0.1024) I35(2) LL 1.6927

0, P Dy, =31.4162(107.6720) 0,2 AIC -3.1999

L4 q Iy4(1)  1.0635(45.2982) I;,42) BIC —2.7657

Iy, s (e} Lys() —4.7914%%(2.1320) 52 HQC ~3.0330

D, c, (1) =0.7702(18.3994) I5,(2)

TP Cstat Ly5(1)  0.4307%4%(0.1532) I5(2)

Ty, LB v,  20.4634(0.8470) Ty (1) =321.9976%%%(103.6567)  I3,(2)

D4 LB vy,  27.4371(0.4946) D41 242.9438%%(102.8331) I34(2)

D35 LB v;,  37.0713(0.1173) Dss5(1)  13.8527(12.9534) 552

I, LB uy, 20.3781(0.8503) Iy, (1) 15.5797(120.0182) I3,,(2) —73.2639%%(34.7783)

I3 LB uy,  25.4290(0.6044) Iy,(1)  —0.9883**(0.3897) I35(2)  —0.2061%(0.1153)

T4 LB uy, 37.1578(0.1154) T4l 6.3876(49.7383) I;,42)  38.2138%%%(14.3819)

I;,, LL 1.6837 I35,(1)  —0.8960(25.5736) Iy,,02)

s, AIC —3.2472 F3p5(1)  =2.1019%%%(0.7590) I3,,(2)

T4 BIC —-2.9656 Iyp4(1)  —0.0189(6.8009) I54(2)

Tya4 HQC —-3.1390 Iy54(1)  —115.3612(97.7131) I3542)

i L)

s Y132

l111,2,2 lll]yzvz(z)

F123 12,3 ¥i25(2)

¥ 5, Wao(1)  1.2620(1.7254) ¥ 5,02)

L2 Wa5(1)  1.3422%%%(0.1534) ¥ 55(2)

(e Q) ' 2,2

4 £2,,(1) 2,,(2)

2 £,,(1) 2,,(2)

Q}.l Q}.l(l) ‘Qll(z)

'Q%,Z 932(1) 912(2)

Q553 £;5(1) 2;5(2)

v v(l) v(2)

Note: C, < 1 is covariance stationarity of regime 1; C, < 1 is covariance stationarity of regime 2; Cg,, < 1 is covariance stationarity of the MS model. The Ljung-Box (LB) statistics
(p-values in parentheses) use the lag-order ﬁ ~ 28. Log-likelihood (LL); Akaike information criterion (AIC); Bayesian information criterion (BIC); Hannan-Quinn criterion (HQC).
Gradient-based standard errors are reported in parentheses.

*Parameter significance at the 10% level.

**Parameter significance at the 5% level.

“*Parameter significance at the 1% level.

method. We use Ward’s method because many of the standard clus-
tering methods are special cases of this very general clustering method

structural changes in Earth’s climate are caused by the exogenous
orbital variables. We use a general notation for D, , and D, ,, which may

(Ward, 1963). Ward’s clustering method identifies the different histor-
ical periods of abrupt climate changes (periods of structural changes
in climate variables), by forming hierarchical combinations of pairs of
clusters that minimize the increase in information-loss (error sum of

represent clustering with respect to any of the aforementioned subsets
of Ice,, CO,,, and Temp,, and formulate the following score-driven
threshold ice-age model:

squares for error, SSE) at each step (Everitt, 1993). The use of Ward’s Ve =#t Y an
clustering method to specify the score-driven threshold ice-age model is

also motivated by its impressive forecasting performance, compared to U = ro()Dy;+ 792Dy, + [I1(1)Dy; + I71(2)Dy (14—

the forecasting p(?rfo?mance of the s.core—drlven M.S ice-age model. For +[0,()Dy, + [,(2)Dy, 1z, + [T3(DDy, + [3(2)Dy, 12, (18)
a successful application of Ward’s linkage clustering method, we also

refer to the works of Blazsek and Escribano (2016a,b). We use Ward’s +P (DD, +F(2) Dy Ju;y

method for all alternative subsets of the variables Ice,, CO,,, and Temp, v, ~ 1310, QU)R(1Y Dy, + 22)2(2) Dy, v()D, , + v(2)Dy,] (19)

as follows: (i) We cluster with respect to each climate variable (i.e., Ice,
or CO,, or Temp,). (ii) We cluster with respect to all possible pairs of
the climate variables (i.e., Ice, and CO,,, or Ice, and Temp,, or CO,,
and Temp,). (iii) We cluster with respect to the three climate variables
(i.e., Ice,, CO,,, and Temp,). These subsets provide seven ways for the
selection of clustering variables, and for each of those we use two and
three clusters for the climate variables.

First, two clusters define the dummy variables D, , and D,,, which
indicate a cluster for each observation. We assume that D, , and D,, are
strictly exogenous. We use the exogeneity assumption for all dummy
variables of this paper, because for our dataset we assume that the

forr=1,...,T. The definitions of the variables and parameters and the
methods of statistical inference coincide with those for the score-driven
ice-age model of Section 3.1.

In Table 2(b), by using the estimation window for the period
of 798,000 years ago to 1000 years ago, we present the parameter
estimates and diagnostic tests for the score-driven threshold ice-age
model, for which two clusters are defined by using the variable Temp;,.
We present the in-sample estimates for this clustering specification
in Table 2(b), because its forecasting performance is superior to the
forecasting performances of all alternative clustering specifications of
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(a). Global ice volume Ice; and smoothed probability of s = 1. Correlation: —0.1052
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(b). Atmospheric carbon dioxide level COg2 ; and smoothed probability of s; = 1. Correlation: 0.2204
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(c). Antarctic-based land surface temperature Temp, and smoothed probability of s; = 1. Correlation: 0.2159
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Fig. 4. Ice,, CO,, Temp,, and smoothed probability of s, = 1, i.e., 7|, = Pr(s, = 1]y,,...,yy), for the score-driven MS ice-age model, from 798,000 years ago to 1000 years ago.

Note: Regime s, is during periods of sharply increasing CO,, and Temp,.

the score-driven threshold ice-age model for the last 20,000 years (see
more on this later in this section for the forecasting results). The C; and
C, statistics indicate that y, is covariance stationary for both clusters.
The LB tests for v, and u, indicate that all elements of those vectors
form an independent time series. These diagnostic tests support the
score-driven threshold ice-age model specification of Table 2(b). We

note that, for some alternative specifications of two clusters, the LB
test does not support the independence of v, and u,.

In Fig. 5, by using the estimation window for the period of 798,000
years ago to 1000 years ago, we present three alternative methods for
the definition of two clusters: (i) Ice, is clustered with respect to Ice,
(Fig. 5(a)), for which (D;,, D,,) = (1,0) indicates a regime with high
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(a). Evolution of Ice; two clusters with respect to Ices. Cut-point: Ice; = 4.2500.

Regime 1 is high level of Icet; regime 2 is low level of Icet.
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(b). Evolution of COag,¢; two clusters with respect to CO2,¢. Cut-point: COg ¢ = 2.1471.
Regime 1 is low level of CO2 ¢; regime 2 is high level of COg ;.
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(c). Evolution of Temp,; two clusters with respect to Temp,. Cut-point: Temp, = —3.1381.
Regime 1 is low level of Temp,; regime 2 is high level of Temp,.
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Fig. 5. Ward’s linkage clustering for two clusters with respect to each of the three climate variables (i.e., Ice,, CO,, and Temp,). Note: The best-performing model for two clusters
for the forecasting of last the 20,000 years uses Temp, for clustering for all climate variables (Table 3), which is presented in Panel (c) of this figure.

level of Ice,, and (D, D,,) = (0, 1) indicates a regime with low level of
Ice,. (ii) CO,, is clustered with respect to CO,, (Fig. 5(b)), for which
(Dy,, D,,;) = (1,0) indicates low level of CO,,, and (D;,,D,,) = (0,1)
indicates high level of CO,,. (iii) Temp, is clustered with respect to
Temp, (Fig. 5(c)), for which (Dy;, Dyy) (1,0) indicates a regime
with low level of Temp,, and (D, ,, D,,) = (0,1) indicates high level

10

of Temp,. The forecasting performance of clustering with respect to
Temp, (Fig. 5(c)) is superior to the forecasting performances of the
alternatives, for the last 20,000 years of our sample.

Second, three clusters define the dummy variables D, ,, D,,, and
D5, which indicate a cluster for each observation. We assume that D, ,,
D,,, and Dj, are strictly exogenous. We use a general notation for the
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Mean squared errors (MSEs) of multi-step ahead forecasts for the period of 100,000 years ago to 1000 years ago for the ice-age model (Castle and Hendry, 2020), score-driven
homoskedastic ¢ ice-age model (Blazsek and Escribano, 2022), and score-driven threshold ice-age model with two clusters using Temp,.

Ice-age model  Score-driven Score-driven Score-driven

Score-driven Score-driven Score-driven Score-driven Score-driven

of Castle and ice-age model of threshold threshold threshold threshold threshold threshold threshold
Hendry (2020) Blazsek and ice-age model, ice-age model, ice-age model, ice-age model, ice-age model, ice-age model, ice-age model,

Escribano (2022) clustering for  clustering for  clustering for  clustering for  clustering for  clustering for  ice-a

Ice,, CO,,, Ice, and CO,, Ice, and Temp, CO,, and Temp, Ice, CO,, Temp,
and Temp,

Ice, MSE MSE MSE MSE MSE MSE MSE MSE MSE
last 100000 years0.0917 0.0969 0.0598 0.0648 0.0598 0.0766 0.0523 0.0705 0.0596
last 90000 years 0.1003 0.1058 0.0628 0.0686 0.0628 0.0816 0.0551 0.0742 0.0623
last 80000 years 0.1081 0.1148 0.0637 0.0686 0.0637 0.0782 0.0526 0.0791 0.0671
last 70000 years 0.1186 0.1258 0.0687 0.0759 0.0687 0.0842 0.0577 0.0871 0.0656
last 60000 years 0.1259 0.1317 0.0740 0.0838 0.0740 0.0895 0.0640 0.0951 0.0595
last 50000 years 0.1416 0.1472 0.0833 0.0915 0.0833 0.1029 0.0729 0.1030 0.0605
last 40000 years 0.1712 0.1765 0.1023 0.1122 0.1023 0.1255 0.0899 0.1264 0.0737
last 30000 years 0.2148 0.2134 0.1325 0.1474 0.1325 0.1607 0.1186 0.1662 0.0953
last 20000 years 0.3049 0.2911 0.1965 0.2182 0.1965 0.2383 0.1740 0.2454 0.1360
last 10000 years 0.4889 0.4527 0.3043 0.3524 0.3043 0.3732 0.2636 0.3887 0.1627

CO,, MSE MSE MSE MSE MSE MSE MSE MSE MSE
last 100000 years0.0399 0.0424 0.0287 0.0331 0.0287 0.0312 0.0384 0.0206 0.0203
last 90000 years 0.0440 0.0470 0.0308 0.0363 0.0308 0.0338 0.0424 0.0224 0.0223
last 80000 years 0.0460 0.0494 0.0290 0.0354 0.0290 0.0300 0.0430 0.0217 0.0231
last 70000 years 0.0513 0.0552 0.0318 0.0399 0.0318 0.0330 0.0484 0.0245 0.0236
last 60000 years 0.0590 0.0634 0.0355 0.0457 0.0355 0.0371 0.0538 0.0278 0.0263
last 50000 years 0.0692 0.0746 0.0407 0.0529 0.0407 0.0405 0.0626 0.0315 0.0302
last 40000 years 0.0842 0.0902 0.0465 0.0635 0.0465 0.0465 0.0749 0.0364 0.0357
last 30000 years 0.1104 0.1165 0.0550 0.0817 0.0550 0.0574 0.0980 0.0454 0.0457
last 20000 years 0.1269 0.1224 0.0670 0.1041 0.0670 0.0726 0.1008 0.0576 0.0399
last 10000 years 0.1891 0.1733 0.0954 0.1548 0.0954 0.1055 0.1276 0.0835 0.0232

Temp, MSE MSE MSE MSE MSE MSE MSE MSE MSE
last 100000 years4.1809 4.5168 2.1591 3.2180 2.1591 2.6635 3.5485 2.3664 1.8878
last 90000 years 4.4536 4.8533 1.8784 3.3024 1.8784 2.4976 3.6959 2.3339 1.9771
last 80000 years 4.5747 5.0628 1.6850 3.1170 1.6850 1.8404 3.5842 2.2398 2.1104
last 70000 years 5.0599 5.6177 1.7345 3.3472 1.7345 1.9755 3.8953 2.3890 2.2622
last 60000 years 5.7960 6.4482 1.8759 3.7591 1.8759 2.1604 4.2985 2.6119 2.5300
last 50000 years 6.4533 7.2948 2.1204 3.9418 2.1204 2.4787 4.9986 2.5043 2.7074
last 40000 years 7.3939 8.1927 2.4885 4.7341 2.4885 2.9774 5.7713 2.9031 3.0469
last 30000 years 8.8750 9.3292 3.0859 6.0600 3.0859 3.7412 7.2605 3.5894 3.5919
last 20000 years 10.0692 9.5685 3.4864 7.6342 3.4864 4.6083 7.4055 4.3769 2.8362
last 10000 years 14.0302 12.8303 3.8247 9.4035 3.8247 5.5465 8.4037 5.0836 0.5984

dummy variables, which may represent clustering with respect to any
of the subsets of Ice,, CO,,, and Temp,. We formulate the following
score-driven threshold ice-age model:

Ve =Mt 0 (20)
Hy =YDy, + 192Dy + 19B3) D3, + [T (DD, + I1(2) D,
+ 1 (3)D3,I]Mt—l + [Fz(l)DL, + Fz(Z)DZ, + F2(3)D3’,]Zt (21)

+[[5(1)Dy, + I5(2) Dy, + I53(3) D512,y
+[P()D,, +¥Y(2)D,y, +¥(3) D5 Ju,_,

v, ~ 1310, 2()R(1)' Dy,
+ Q2)Q2) Dy, + 2(3)R(3) Dy, V(DD + V2D, + V(3) D3]
(22)

forr=1,...,T. The definitions of the variables and parameters and the
methods of statistical inference coincide with those for the score-driven
ice-age model of Section 3.1.

In Tables A.1, A.2, and A.3 of the Appendix, by using the esti-
mation window for the period of 798,000 years ago to 1000 years
ago, we present the parameter estimates and diagnostic test results for
the score-driven threshold ice-age model, for which two clusters are
defined using: (i) Ice, and CO,, for Table A.1, (ii) CO,, and Temp, for
Table A.2, and (iii) Ice,, CO,,, and Temp, for Table A.3. We use these
subsets of clustering variables, because they provide superior forecast-
ing performances for the last 100,000 years, i.e., the specification of

11

Table A.1 provides the most accurate forecasts for Ice,, the specification
of Table A.2 provides the most accurate forecasts for CO,,, and the
specification of Table A.3 provides the most accurate forecasts for
Temp, (see more on this later in this section for the forecasting results).
The C;, C,, and C; statistics indicate that y, is covariance stationary for
the three clusters. The LB tests for v, and u, indicate that each element
of those vectors forms an independent time series. These diagnostic
tests support the score-driven threshold ice-age model specifications of
Table A.1, A2, and A3. We note that, for some alternative specifications
of three clusters, the LB test does not support the independence of v,
and u,.

In Fig. 6, by using the estimation window for the period of 798,000
years ago to 1000 years ago, we present the clusters which are used
in the models of Table A.1, A2, A3; hence, (i) Ice, is clustered with
respect to Ice, and CO,, (Fig. 6(a)), (ii) CO,, is clustered with respect
to CO,, and Temp, (Fig. 6(b)), and (iii) Temp, is clustered with respect
to Ice,, CO,,, and Temp, (Fig. 6(c)). For all these clustering methods,
the dummies can be interpreted as follows: (i) (D, ,, D,,, D3,) = (1,0,0)
indicates a regime with high level of Ice,, low level of CO,,, and low
level of Temp,. (ii) (D;,. D,,.D;,) = (0,1,0) indicates a regime with
average level of Ice,, average level of CO, ,, and average level of Temp,.
(iii) (Dy, Dy, D3,) = (0,0, 1) indicates a regime with low level of Ice,,
high level of CO,,, and high level of Temp,. We note that for the most
recent regime, D, = 0, D,, = 0, and D5, = 1 are observed, i.e., high
level of global temperature, which started approximately 12,000 years
ago.
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(a). Evolution of Ice¢; three clusters with respect to Ice; and COg,¢.

Regime 1 is high level of Icet; regime 2 is middle level of Icet; regime 3 is low level of Ices.
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(b). Evolution of COz2 ¢; three clusters with respect to CO2,; and Temp,.
Regime 1 is low level of CO2 ¢; regime 2 is middle level of COz ¢; regime 3 is high level of CO2 ;.
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Fig. 6. Ward’s linkage clustering for three clusters with respect to the best-performing clustering method for each climate variable from Table 4. Note: We do not report cut-points,

because clustering is done by using more than one variable for each panel.

Motivated by the work of Harvey (2013, p. 56), by comparing the
likelihood-based model selection metrics of the score-driven threshold
ice-age model using two clusters (Table 2(b)) and three clusters (Ta-
ble A.1, A2, and A3), for almost all likelihood-based model selection
metrics, for the estimation window for the period of 798,000 years
ago to 1000 years ago, we find that the log-likelihood (LL) estimate

is higher for three clusters than for two clusters, and the Akaike
information criterion (AIC), Bayesian information criterion (BIC), and
Hannan-Quinn criterion (HQC) estimates are lower for three clusters
than for two clusters. The results indicate that for the score-driven
threshold ice-age model it is better to use three clusters rather than
two.
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(a). Forecasts of Ice; for the score-driven threshold ice-age model; two clusters are defined using Temp,.
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(b). Forecasts of COg,; for the score-driven threshold ice-age model; two clusters are defined using Temp,.
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(c). Forecasts of Temp, for the score-driven threshold ice-age model; two clusters are defined using Temp,.

Fig. 7. Multi-step ahead forecasts of Ice,, CO,,, and Temp, from 100,000 years ago to 1000 years ago, by using the best-performing score-driven threshold ice-age model with
two clusters from Table 3. Note: The confidence interval is + 2 standard deviations of the forecasts. The best-performing model for two clusters for the forecasting of the last
20,000 years uses Temp, for clustering for all climate variables (Table 3). The dashed lines indicate 20,000 years ago.

3.4. Forecasting results

In Tables 3 and 4, the multi-step ahead forecasting performances
for Ice,, CO,,, and Temp, are compared, for which the estimation
window is for the period of 798,000 years ago to 101,000 years ago
(T = 698) and the multi-step ahead forecasting window is for the period
of the last 100,000 years (Tf = 100). We use the mean square error
(MSE) loss function for performance evaluation. We note that similar
forecasting performance results are obtained for the mean absolute
error (MAE) loss function; those estimates are not reported here, but are
available from the authors upon request. The loss function is averaged
for different periods of the last 100,000 years (see Tables 3 and 4).

13

In Table 3, by using the estimation window for the period of
798,000 years ago to 101,000 years ago, the forecasting results com-
pare the ice-age models of Castle and Hendry (2020) and Blazsek and
Escribano (2022) with the score-driven threshold ice-age model for all
alternative clustering methods using two clusters. The results indicate
that the forecasting accuracies of the score-driven threshold ice-age
models dominate the forecasting accuracies of the ice-age models of
Castle and Hendry (2020) and Blazsek and Escribano (2022). For most
of the cases, the MSE results indicate that the score-driven thresh-
old ice-age model using Temp, for clustering has the most accurate
forecasting performance. Moreover, we also find that the forecasting
performance of the score-driven threshold ice-age model using clus-
tering for Temp, is superior to all alternatives in Table 3 for the last
20,000 years of the historical sample period.
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(a). Forecasts of Ice; for the score-driven threshold ice-age model; three clusters are defined using Ice; and COgz ;.
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. Forecasts of CO2 ¢ for the score-driven threshold ice-age model; three clusters are defined using CO2 ; and Temp;,.
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Fig. 8. Multi-step ahead forecasts of Ice,, CO,,, and Temp, from 100,000 years ago to 1000 years ago, by using the best-performing score-driven threshold ice-age models for
three clusters from Table 4. Note: The confidence interval is + 2 standard deviations of the forecasts. Notice an increasing forecasting precision for all climate variables: (i) The
true values are closer to the forecasts than in Fig. 7. (ii) The forecast intervals are narrower than in Fig. 7. The dashed lines indicate 20,000 years ago.

In Fig. 7, we present the multi-step ahead forecasts of the cli-
mate variables for the last 100,000 years of the sample period, by
using the estimation window for the period of 798,000 years ago to
101,000 years ago, for score-driven threshold ice-age model by using
Temp, in order to define two clusters. The results indicate that the
forecasting precision of the score-driven threshold ice-age model using
clustering for Temp, is superior to that of the ice-age model of Castle
and Hendry (2020, p. 111).

In Table 4, by using the estimation window for the period of
798,000 years ago to 101,000 years ago, the forecasting results com-
pare the score-driven threshold ice-age models for all alternative clus-
tering methods, using three clusters. The results support the best-
performing specifications from Table A.1, A2, and A3, and Fig. 6.
Moreover, by comparing Tables 3 and 4 we find that the estimates
of the forecasting performances of the score-driven threshold ice-age
models using three clusters (Table 4) are superior to those of the
score-driven threshold ice-age models using two clusters (Table 3).
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In Fig. 8, we present the multi-step ahead forecasts of the cli-
mate variables for the last 100,000 years of the sample period, by
using the estimation window for the period of 798,000 years ago to
101,000 years ago, for the best-performing score-driven threshold ice-
age model using three clusters: (i) Ice, is clustered with respect to Ice,
and CO,, (Fig. 8(a)), (ii) CO,, is clustered with respect to CO,, and
Temp, (Fig. 8(b)), and (iii) Temp, is clustered with respect to Ice,, CO,,
and Temp, (Fig. 8(c)). We find an increasing forecasting precision for
all climate variables, because the true values of the climate variables
are closer to their forecasts in Fig. 8 than in Fig. 7. We also find that
the forecast intervals are narrower in Fig. 8 than in Fig. 7.

Finally, we use the best-performing score-driven threshold ice-age
models, using two and three clusters to forecast the climate variables
for the forthcoming 5000 years, by using the estimation window for
the period of 798,000 years ago to 1000 years ago. Due to the 1,000-
year observation frequency, those forecasting results can be interpreted
as benchmarks, which would have happened if humanity had not
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(a). Forecasts of Ices for the score-driven threshold ice-age model; two clusters are defined using Temp,.
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(b). Forecasts of CO2,; for the score-driven threshold ice-age model; two clusters are defined using Temp,.
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(c). Forecasts of Temp, for the score-driven threshold ice-age model; two clusters are defined using Temp,.
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Fig. 9. Multi-step ahead out-of-sample forecasts of Ice,, CO,,, and Temp, for the forthcoming 5000 years, by using the best-performing score-driven ice-age model with structural
changes with two clusters from Table 3. Note: The confidence interval is + 2 standard deviations of the forecasts. The best-performing model for two clusters for the forecasting

of the last 20,000 years uses Temp, for clustering of all climate variables (Table 3).

burned fossil fuels since the Industrial Revolution. The corresponding
multi-step ahead out-of-sample forecasts are presented in Figs. 9 and
10, respectively. These figures use the same model specifications for
forecasting as Figs. 7 and 8, respectively. For the forecasting formulas of
Figs. 9 and 10, we assume that the last regime of the historical sample
period will continue for the forthcoming 5000 years, i.e., D, = 0 and
D,, = 1 (Fig. 9), and D;, = 0, D,, = 0, and D;, = 1 (Fig. 10),
which are low level of Ice,, high level of CO,,, and high level of Temp,
for both figures. For the forthcoming 5,000 year period this is the
most realistic assumption on the climate regime. For the purpose of
robustness analysis, we also performed the same forecasting exercise of
the less realistic case of D;, =0, D,, = 1, and D5, = 0 which is average
level of Ice,, average level of CO,,, and average level of Temp,, and the
unrealistic case of D, = 1, D,, = 0, and D;, = 0 which is high level
of Ice,, low level of CO,,, and low level of Temp,. The forecasts of the
climate variables for the forthcoming 5000 years for those alternatives
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are practically identical to the forecasts of Figs. 9 and 10. Hence, the
forecasting results of Figs. 9 and 10 are robust predictions of the climate
variables.

By comparing Figs. 9 and 10, we find that the forecasting intervals
for Ice, and Temp, are clearly narrower in Fig. 10 than in Fig. 9.
Moreover, we also find that the forecasting interval for CO,, is slightly
narrower in Fig. 10 than in Fig. 9. Hence, we find that the fore-
casting accuracy of the score-driven threshold ice-age models using
three clusters is superior to the forecasting accuracy of the score-driven
threshold ice-age models using two clusters. Both Figs. 9 and 10 show
increasing global ice volume Ice,, decreasing atmospheric CO, , volume,
and decreasing Antarctic land surface temperature Temp, for the next
5000 years. This indicates a turning point in the climate variables for
the forthcoming 5000 years, under the assumption that humanity has
not influenced significantly Earth’s climate during the last 250 years.
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(a). Forecasts of Ice; for the score-driven threshold ice-age model; three clusters are defined using Ice; and COgz ;.
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. Forecasts of Temp, for the score-driven threshold ice-age model; three clusters are defined using Icet, COz2 ¢, and Temp,.

Fig. 10. Multi-step ahead out-of-sample forecasts of Ice,, CO,,, and Temp, for the forthcoming 5000 years, by using the best-performing score-driven threshold ice-age models for
three clusters from Table 4. Note: The confidence interval is + 2 standard deviations of the forecasts. Notice an increasing forecasting precision: (i) The forecast intervals for Ice,
and Temp, are clearly narrower than in Fig. 9. (ii) The forecast interval for CO,, is slightly narrower than in Fig. 9.

4. Conclusions

In the recent work of Blazsek and Escribano (2022), it is shown that
the statistical performance of score-driven ice-age models is superior to
that of the ice-age model of Castle and Hendry (2020), without using
any sort of intervention analysis (i.e., impulse saturation variables), and
it is also shown that the score-driven ice-age models are able to solve
previous dynamic misspecifications. However, Blazsek and Escribano
(2022) also show that the forecasting performances of both models are
similar and none of those models are able to anticipate well the climate
variables for the last 10,000 to 15,000 years. Motivated by this result,
in this paper, we introduce new regime-switching score-driven ice-age
models to capture the abrupt changes observed when climate variables
exceed certain threshold values.

First, we have considered a score-driven Markov-switching ice-age
model and we provided empirical evidence of having structural changes
in our three climate variables. In particular, we have found clear
asymmetric cyclical reactions during low-persistence periods of rapid
increases in CO, and temperature versus the other regime of high-
persistence periods with decreasing CO, and temperature. Furthermore,
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we have also identified alternative regime switching periods by using
temporal clusters built on high levels of one, two, or three of our
climate variables. We have used Ward’s clustering method and we have
named our models score-driven threshold ice-age models. Estimation
and forecasting results have supported the use of those models, since we
have been able to anticipate well the evolution of the climate variables
for the last 10,000 to 15,000 years. We have suggested using the op-
timal clustering which might be different for each of the three climate
variables. Finally, by using the best-performing score-driven threshold
ice-age models, we have provided out-of-sample forecasts of the climate
variables for the forthcoming 5000 years. Without considering the
extreme climate effects of the most recent 250 years of fossil fuels
burned by humanity, we have identified the existence of synchronous
turning points in the long-run cyclical evolution of the three climate
variables, moving to a new period of increasing global ice volume,
decreasing atmospheric CO, volume, and decreasing Antarctic land
surface temperature in the next 5000 years. These long-run forecasting
results may be used as a benchmark for comparisons with the forecasts
of researchers who use more recent and more frequently observed data
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Table 4
Mean squared errors (MSEs) of multi-step ahead forecasts for the period of 100,000 years ago to 1000 years ago for the score-driven threshold ice-age models with three clusters.
Score-driven Score-driven Score-driven Score-driven Score-driven Score-driven Score-driven
threshold threshold threshold threshold threshold threshold threshold
ice-age model, ice-age model, ice-age model, ice-age model, ice-age model, ice-age model, ice-age model,
clustering for clustering for clustering for clustering for clustering for clustering for clustering for
Ice,, CO,,, Ice, and CO,, Ice, and Temp, CO,, and Temp, Ice, CO,, Temp,
and Temp,
Ice, MSE MSE MSE MSE MSE MSE MSE
last 100000 years 0.0466 0.0255 0.0469 0.0504 0.0735 0.0696 0.0430
last 90000 years 0.0496 0.0255 0.0499 0.0536 0.0336 0.0755 0.0448
last 80000 years 0.0515 0.0241 0.0515 0.0514 0.0314 0.0793 0.0473
last 70000 years 0.0535 0.0259 0.0535 0.0539 0.0343 0.0864 0.0512
last 60000 years 0.0538 0.0264 0.0540 0.0530 0.0388 0.0947 0.0519
last 50000 years 0.0570 0.0231 0.0575 0.0575 0.0446 0.1057 0.0578
last 40000 years 0.0693 0.0266 0.0701 0.0703 0.0546 0.1300 0.0704
last 30000 years 0.0899 0.0331 0.0912 0.0916 0.0717 0.1714 0.0901
last 20000 years 0.1330 0.0466 0.1352 0.1357 0.1024 0.2541 0.1335
last 10000 years 0.1851 0.0339 0.1900 0.1468 0.1306 0.4160 0.1503
Co,, MSE MSE MSE MSE MSE MSE MSE
last 100000 years 0.0176 0.0183 0.0179 0.0166 1.3852 0.0234 0.0174
last 90000 years 0.0195 0.0201 0.0198 0.0184 0.0720 0.0251 0.0191
last 80000 years 0.0207 0.0184 0.0208 0.0185 0.0568 0.0245 0.0201
last 70000 years 0.0219 0.0203 0.0219 0.0204 0.0521 0.0277 0.0228
last 60000 years 0.0241 0.0229 0.0242 0.0213 0.0499 0.0319 0.0230
last 50000 years 0.0263 0.0253 0.0264 0.0214 0.0553 0.0362 0.0240
last 40000 years 0.0286 0.0290 0.0288 0.0228 0.0651 0.0422 0.0257
last 30000 years 0.0315 0.0359 0.0319 0.0254 0.0846 0.0526 0.0296
last 20000 years 0.0328 0.0349 0.0334 0.0224 0.0744 0.0714 0.0247
last 10000 years 0.0360 0.0204 0.0378 0.0090 0.0689 0.1049 0.0099
Temp, MSE MSE MSE MSE MSE MSE MSE
last 100000 years 0.8043 2.2282 0.8109 1.0177 24.3943 2.5421 1.0812
last 90000 years 0.8537 2.2020 0.8590 1.0409 10.5759 2.5202 1.1254
last 80000 years 0.9318 1.9131 0.9363 1.0560 4.5172 2.4398 1.1783
last 70000 years 0.9917 1.9628 0.9898 1.1895 3.9975 2.6847 1.1633
last 60000 years 1.0044 2.1460 1.0127 1.1916 3.9305 2.9893 1.1782
last 50000 years 1.1187 1.9586 1.1273 1.3304 4.6014 3.0771 1.3067
last 40000 years 1.2364 2.2527 1.2470 1.5603 5.3153 3.6479 1.5533
last 30000 years 1.4140 2.7468 1.4306 1.8421 6.6035 4.6595 1.8770
last 20000 years 0.9833 2.6371 1.0227 1.6540 5.8365 6.1343 1.6439
last 10000 years 0.3574 0.4236 0.4307 0.9056 4.4157 7.4776 0.9700
Table A.1

Score-driven threshold ice-age model with three clusters which provides the most accurate forecasts of Ice, (Table 4) for the period of 798,000 to 1000 years ago.

Score-driven threshold ice-age model with clustering with respect to Ice, and CO,,
Regime 1 = high Ice, and low CO,,; regime 2 = middle Ice, and CO,,; regime 3 = low Ice, and high CO,,

roa (D) 1.4277%%%(0.4542) 7012 1.2157%%(0.5742) You(3) c 0.8842
Y02(1) 1.4277+%(0.6434) 702(2) 7(0.5851) %023 C, 0.8425
Yos(D) —1.9481(1.7411) o) 0.4278(1.2814) Y033 G 0.6987
Iy, I, Ir,,3) LB v, 21.3765(0.8093)
IAREIC)] I52) I,53) LB v,, 34.4545(0.1863)
I55(1) I,,(2) I,,3) LB vy, 28.6976(0.4280)
Ty H5(D I,52) I,503) LB u,, 24.2263(0.6695)
Ty5,(D 0.1311(0.6347) T5,2) —0.4361(0.4632) I5,3) —2.4115(1.5197) LB u,, 29.8172(0.3720)
I35 0.7864*%(0.0722) 332 0.88607**(0.0435) I5503) 0.8527+%*(0.1063) LB u;, 31.5100(0.2949)
L, (1) 70.0455(55.8945) I, 42.1530(44.7704) L,,3) —124.7862(116.7117) LL 1.7830
LESPIC)) ;42 —31.6182%(17.7643) I,,403) 57.1456(50.5386) AIC —3.2879
I, 51 I, 52 1.3888) Iy, 5(3) —2.7563%(1.7315) BIC —2.6366
Lyyy(1) Iy5,(2) 14.1910"(9.1732) L5,3) —30.1201%(16.9529) HQC -3.0376
I p5(1) I;,5(2) I;,5(3)

L5, . 74.3145) I5,2) rh5,03) —189.3791(137.5875)

D34 #5(42.3791) Iy534(2) 543) 64.4725(105.3050)

I 55(1) 32.3395%(17.6699) I555(2) I,;553) 41.7598**%(13.2628)

(D —73.4795(55.1368) I3, —10.6816(51.8357) ry,,3) 114.7731(133.7364)

I35, —0.3783"%(0.1691) I3,,2) —0.0989(0.2397) I3,,03) —0.7981%%(0.3303)

Iy, 4(1) 36.4495(23.4059) Iy,4(2) 18.1064(20.5495) Iy,03) —52.1673(56.4184)

Iy,,(1) T55,(2) —23.5842"(14.8972) T35,3)

I35,(1) I55,(2) —1.2507**(0.4080) I35,(3) ~2.8456**(1.1417)

Iyp4(D) I304(2) 4.0613(3.8751) Iy5,03) —11.1995"(7.4730)

T34 I554(2) I35403) 2.6060(96.7154)

LSRRLS)] 1112 1.3 1.0173%%%(0.1613)

(continued on next page)

17



S. Blazsek and A. Escribano Energy Economics 118 (2023) 106522

Table A.1 (continued).

Score-driven threshold ice-age model with clustering with respect to Ice, and CO,,
Regime 1 = high Ice, and low CO,,; regime 2 = middle Ice, and CO,,; regime 3 = low Ice, and high CO,,

Y150 —0.0229" ¥ ,3(2) “(0.0087) ¥153)
LETICY) 135697 ¥122(2) *(0.0955) ¥12203)
Y1251 0.0169* W) ,5(2) .0057) ¥2503)
¥ 52(D) 3.7478%** ¥ 32(2) %%(1.2316) ¥,3203)
¥ 55D 0.8312* ¥33(2) .0804) ¥5503)
Q,,() 0.0819*** 2,,2) “(0.0034) 2,,3)

Q,,(1) -0.0070" 2,,12) .0030) 2,,03)

0,,(1) 0.0408*** 2,,(2) “(0.0020) 2,,(3)

2;,(1) —0.1553* 2;,(2) .0410) 02;,03)

Q5,(1) 0.2604*** 2;,(2) “(0.0404) 2;,03)

Q;5(1) 0.6699* 2;5(2) “(0.0245) ()]

v(1) 3.5274* v(2) (0.1755) v(3)

Note: C; < 1 is covariance stationarity of regime 1; C, < | is covariance stationarity of regime 2; C; < 1 is covariance stationarity of regime 3. The Ljung-Box (LB) statistics
(p-values in parentheses) use the lag-order \/? ~ 28. Log-likelihood (LL); Akaike information criterion (AIC); Bayesian information criterion (BIC); Hannan-Quinn criterion (HQC).
Gradient-based standard errors are reported in parentheses.

*Parameter significance at the 15% level.

*Parameter significance at the 10% level.

**Parameter significance at the 5% level.

***Parameter significance at the 1% level.

Table A.2
Score-driven threshold ice-age model with three clusters which provides the most accurate forecasts of CO,, (Table 4) for the period of 798,000 to 1000 years ago.

Score-driven threshold ice-age model with clustering with respect to CO,, and Temp,
Regime 1 = low Temp,, CO,,; regime 2 = middle Temp,, CO,,; regime 3 = high Temp,, CO,,

Yo (1) *%%(0.3849) Y0.1(2) 0. 8729*(0 6037) Y01(3) 2.9979%** (0 9448) C, 0.9633
Y02(1) (0.5773) Y02(2) 702(3) (&) 0.8162
Yo3(1) (1.4823) 7032 %03(3) Gy 0.8323
Iy, (0.0248) I,,(2) I,,3) LB vy, 18.5292(0.9120)
I, (0.0060) I,;2) I ,;3) LB v,, 31.7889(0.2832)
T ,5(1) (0.0345) I,,(2) I,,03) LB vy, 36.2249(0.1370)
Ty ,5() (0.0042) T,5(2) 0.0040(0.0041) I,503) LB u,, 21.5846(0.8001)
I5,(1) (0.4932) I;5,(2) -0. 0377(0 3915) I;3,3) LB u,, 32.9488(0.2376)
I 55(1) (0.0727) T55(2) 0.5447%%*(0.0512) I';503) LB u;, 29.5934(0.3829)
I, (1) 28.5553(46.3229) I, 28.5553(46.3229) ,,3) —29.7489(106.6205) LL 1.9213
I, 4(1) —16.3650(19.4494) I, 42) —16.3650(19.4494) I, ,03) 1.0636(44.6027) AIC -3.5643
I 5(1) —4.5588*%%(1.6229) r,,52) —4.5588***(1.6229) r,,s3) —4.83617%(2.0406) BIC -2.9131
Iy, (1) 9.7223%(5.8362) 5,2 9.7223%(5.8362) I,,,03) —0.9530(17.6886) HQC -3.3141
I ,5(1) 0.1615%(0.0863) I,5(2) 0.1615%(0.0863) I,5(3) 0.4144%**

5,0 —290.8906***(67.4776) 5,2 (67.4776) 5,03 —313.4403"

Ty5,4(1) 103.7901%*(41.7651) T5,4(2) (41.7651) I)5,403) 233.3530%%(102.1411)

I55(1) 26.9295%(15.7809) I55(2) 26.9295%(15.7809) I,;5503) 15.9502(12.6705)

Iy, () —49.6861(45.6694) I5,,2) —49. 6861(45 6694) I ,3) 10.9718(118.8264)

Iy, ,(1) —0.4798**%(0.1414) I5,,(2) —0.4798*%%(0.1414) I5,,(3) —1.0341%%%(0.3846)

I3, 4(1) 25.6552(19.2396) Iy, ,2) 25.6552(19.2396) I;,403) 7.6045(49.0217)

I3,,(1) —36.1261%%%(11.9673) I5,,2) -36.126 (11.9673) I3,,3) —1.6609(24.7657)

I5,,(1) —1.0757*%(0.4248) I;,,(2) —1.0757%%(0.4248) I;,,(3) —2.0220%%%(0.7342)

T;3,,4(1) 11.1919%%(4.5159) I5,,(2) 11.1919%%(4.5159) T;3,,403) 0.3632(6.7152)

T54(1) 19.4779(32.0427) T;354(2) 19.4779(32.0427) I;5403) —109.9444(97.0771)

YD 0.7537%*%(0.0694) Y112 0.9655***(0.0817) Y1,

W) 15D —0.0116(0.0097) ¥, 13) —0.0117(0.0125) ¥ 153)

W) 5,(D) W) ,,(2) 1.5014**%(0.0983) ¥),,3)

W51 ¥),3(2) 0.0016(0.0069) ¥12503)

W) 5,(D) ¥ 3,(2) ¥5,3) 1.4002(1.7893)

¥, 55(D ¥, 55(2) ¥, 553) 1.4215%%%(0.1638)

Q,,() 2, 2,,0)

£2,,(D) 2,,2) £2,,03)

Q,,(1) 2, 2,,03)

25,(1) 2, 2,,0)

£25,(1) 2;,(2) £2;,03)

Q1) Q) 2,,03)

v(1) 3.3456**%(0.2150) v(2) v(3) 2.7838**%(0.2407)

Note: C; < 1 is covariance stationarity of regime 1; C, < 1 is covariance stationarity of regime 2; C; < 1 is covariance stationarity of regime 3. The Ljung-Box (LB) statistics
(p-values in parentheses) use the lag-order \/T" ~ 28. Log-likelihood (LL); Akaike information criterion (AIC); Bayesian information criterion (BIC); Hannan-Quinn criterion (HQC).
Gradient-based standard errors are reported in parentheses.

*Parameter significance at the 15% level.

*Parameter significance at the 10% level.

**Parameter significance at the 5% level.

***Parameter significance at the 1% level.
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Table A.3
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Score-driven threshold ice-age model with three clusters which provides the most accurate forecasts of Temp, (Table 4) for the period of 798,000 to 1000 years ago.

Score-driven threshold ice-age model with clustering with respect to Ice,, CO,,, and Temp,

Regime 1 = high Ice,, low Temp, and CO,,; regime 2 = middle Ice,, Temp,, and CO,,; regime 3 = low Ice,, high Temp, and CO,,

Y011 %012 0.6614(0.9558)
Y02(1) %02(2)

}’0‘3(1) 703(2)

Fl,l.l(l) [‘1,[.1(2)

Iy 3D I,52) —0.0184**(0.0091)
I, I,,(2) 0.8060 0.0423)
I55(1) I55(2) —0.0017(0.0048)
T3, I5,2) —0.1617(0.2957)
I 55(1) 0.4466***(0.0680) I 33(2) 0.3410%*%(0.0434)
Iy,(D) 36.0145(45.4817)  I;,(2) 76.7199%(50.5119)
Iy 14D —18.8903(19.0435)  I,,,(2) —37.2693*(21.5833)
FZJ.S(I) FZ,I,S(Z)

YO Iy5,(2) 19.1657%(10.2329)
I55(1) I,52) 0.2317%(0.1199)
I3, I5,(2) —115.9592%%(48.6373)
I 54(1) Iy54(2) 113.5697%%(43.5344)
I55(1) I55(2) 23.8292%%(9.6551)
LERRIC)] —48.1296(45.3757)  I3,,(2) —38.3228(58.2920)
Iy, —0.3646*%%(0.1347)  TI},,(2) 0.0278(0.4131)
I3,4(1) 24.3584(19.0105)  T3,4(2) 20.8430(24.7440)
Iy, (1) —-31.6416**%(11.3099)  I},,(2) —46.69947%(21.2248)
I35,(1) I;35,2) —1.5093%*(0.6094)
I354(1) Iy,54(2) 11.7559%(7.4019)
Ty54(1) 3.2870(31.0725)  Iy5,(2) —65.6671%%(32.7232)
¥ (D 0.8107*** ¥ 1,(2)

¥ 15D —0.0087(0.0094) ¥, 5(2)

¥122(1) ¥122(2)

Pia3(D) ¥ ,3(2) —0.0041(0.0090)
¥i32(1) ¥,32(2) 1.9444%(1.0943)
l1’1.3.3(1) WI.S.S(Z)

2,,() Q,,2)

2,,(1) 2,,(2) —0.0045(0.0042)
2,,(1) 2,,(2) 0.0408***(0.0023)
Q3 ,(1) 2;,(2) —0.0198(0.0381)
2;,(1) 2;,(2)

2;5(1) Q2;5(2)

v(l) v(2)

7013
7%0203)
7033)
I,,3)
I,53)
I'5,03)
I,503)
I;5,3)
F]fiﬂ(:s)
I1.03)
I,,403)
I,53)
I2,03)
I553)
I55,0)
I55403)
I55503)
Iy, ;3
F3A]AZ(3)
I3,403)
I35,3)
I;3,,03)
I55403)
I3543)
¥11.0)
¥1133)
¥12203)
¥, ,53)
¥1320)
¥1353)
2,,3)
2,,3)
2,,3)
2;,03)
2;,03)
2;303)
v(3)

0.0159%***
—0.3390(0.8389)
0.8048%**(0.0960)

45.8113(70.9087)
—30.1589(29.2719)
—4.5873%%%(1.6636)
—2.3528(13.5333)

16.20347(10.2112)
—65.5521(82.9802)
—0.9393%%%(0.3092)
38.9456(34.0419)
0.1578(18.6213)
—1.6297%%%(0.5003)
0.7905(4.9049)
—78.7713(78.6988)
0.9455%%%(0.0899)

o

G

G

LB vy,
LB v,,
LB vs,
LB uy,
LB u,,
LB uy,
LL
AIC
BIC
HQC

0.9674

0.8066

0.8389
20.2289(0.8560)
29.9351(0.3663)
18.0759(0.9242)
19.0565(0.8964)
31.8646(0.2801)
21.0742(0.8222)
1.9596
-3.6411
—2.9898
-3.3909

Note: C, < 1 is covariance stationarity of regime 1; C, < | is covariance stationarity of regime 2; C; < 1 is covariance stationarity of regime 3. The Ljung-Box (LB) statistics
(p-values in parentheses) use the lag-order \/7" ~ 28. Log-likelihood (LL); Akaike information criterion (AIC); Bayesian information criterion (BIC); Hannan-Quinn criterion (HQC).

Gradient-based standard errors are reported in parentheses.
*Parameter significance at the 15% level.
*Parameter significance at the 10% level.
**Parameter significance at the 5% level.
***Parameter significance at the 1% level.

than us for the last 250 years period, and therefore could separate
the future climate impacts of humanity from the long-run effects of
exogenous orbital variables.
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