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1 Robustness checks

1.0.1 Fat tails

First, we relax the assumption of normal disturbances in the benchmark model. The
2

idiosyncratic components are defined as Y;; ~ N <0, ‘;—i) The variance o is allowed to

evolve slowly over time and follows an AR model as described above. Higher frequency

movements in volatility are captured by /\%t that is independent over time. Following

T
Geweke (1993), we assume a Gamma prior for \; of the form p ()\;) = [] T (1,v;), where
i=1

['(a,b) is the gamma density with mean a and degrees of freedom b. This leads to
a scale mixture of normal distributions for T, implying that these residuals follow a
student’s T density with degrees of freedom v; and variance ¢7. The same specification is
assumed for the shocks to the transition equation ??7. As discussed below, the covariance
matrix of E; is assumed to be diagonal for the purpose of identification. Each element
of F; is distributed normally: Fy, N (0 M) for kK = 1,..,N. The weights % capture

7 Yt
high frequency movements in volatility. As above, we assume a Gamma prior for 7g:
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p(v) = [IT(1,v;). The degrees of freedom parameters v are set to 10 implying tails
i=1

that are fatter than the normal density. We add steps in the Gibbs sampler to draw A;

and 7. The conditional posterior distribution for this parameter is described in Koop
(2003). Figure S1 shows that the estimated factors are close to the benchmark case. In
additionn, the variance decomposition has a pattern that is similar to benchmark with

the world factor playing a major role in explaining temperature fluctuations.

1.1 Two factors

We extend the benchmark model and add two world and regional factors. The top panels
of Figure S2 display the estimated world factors. The first temperature factor displays
the temporal pattern seen in the benchmark case with a sharp increase evident in the
post-1980 period. Similarly, the first precipitation factor displays a decline after the mid-
1970s. The second temperature and precipitation factors are more volatile and do not
have a clear interpretation. In terms of the variance decomposition, the role of the world
temperature factors is magnified in this extended model as some of the higher frequency
movements in temperature are also explained by the second factor. As in the benchmark

case, the regional factor remains important for precipitation volatility.

1.2 Longer Lags

We re-estimate the model using 4 lags in the transition equation for the factors. Figure S3
shows that the results regarding the factors and variance decomposition are very similar

to the benchmark case.

1.3 Gibbs Sampling Algorithm

The empirical model is defined as:

T\ BYT g VT N BRT FRT e "
Pe) \ o B" )R o B J\ F* cit

where T' denotes temperature series and P denotes precipitation series. The idiosyn-

U.
cratic components u; = ( " ) are assumed to follow AR(1) processes:

€it

Uip = pilli—1 + Ty (2)



The shocks T;; are assumed to have the following distribution:Y;; ~ N (0,04). The

variance o2 is allowed to evolve over time:
2 _ ~ 3 2
Ino;, =¢+d;Inoj;_; + givir (3)

The world and regional factors are assumed to follow a VAR process:

P
Zy =c+ ijthj + Fi (4)

j=1

where 2, = (FtW’J, ER’J> for J = [T, P] The covariance matrix of F; is assumed to be

Nx1
diagonal for the purpose of identification. Each element of E, is distributed normally:

Exy ~ N (0, hy) for k. =1,.., N. The stochastic volatilities hy; evolve as random walks:

In hkt = ¢ + Dk In hkt—l + dkukt (5)

1.4 Priors

We use the following prior distributions

1. The factor loadings are denoted by b; = [B}", Bf’] for for J = [T, P]. The prior is
normal: P(b;) ~ N(b;, %) where b; denotes principal component estimates of factor

loadings and ¥, is a diagonal matrix with diagonal elements equal to 0.1.

2. The prior for the persistence of the idiosyncratic components p; is normal: N (pg, X,)
where py = 0.5 and X, = 0.01

3. The prior for the coefficients A; = G, cL] is normal with mean Ay = [0,0.95] and

variance Y4 where Y 4 is a diagonal matrix with 0.1 on the main diagonal.

4. The prior for g; is inverse Gamma with scale gy = 0.001 and degrees of freedom
TO - 1

5. We use a Minnesota type prior (see Banbura et al. (2010) for the coefficients of
the VAR in equation 4 which are denoted by /3 in vectorised form. The tightness

parameter is set to 0.1
6. The prior for A;, = [é, d;] is normal with mean Ay = [0,0.95] and with variance ¥4,

a diagonal matrix with diagonal elements equal to 0.1.



7. The prior for di is inverse Gamma with scale dy = 0.001 and degrees of freedom
Td,O = 1

The Gibbs sampling algorithm draws from the following conditional posterior distributions

in each iteration (¥ denotes all other parameters):

1. Factor loadings G(b;|¥). For each series y;; the model can be written as:

Yit = bize + gy (6)
Uip = pili—1 + Li (7)
var(Ty) = oy (8)

where z = [F}" F/*’] for J = T or J = P. A GLS transformation can be used to

Yit —PYit—1

remove the autocorrelation and heteroscedasticity. Define y;, = 5= and z}, =
it

—p » - . : _ -1
Z—f=t . The conditional posterior is normal with variance V = (3, + 2}'x7})
it

and mean M =V (Eb_ll;i + a:j’yj)

2. Persistence of idiosyncratic components G(p;|¥). Conditional on the remaining

parameters, the idiosyncratic components can be written as:

Uit = pitlip—1 + L (9)
var(Yy) = oy (10)

A GLS transformation can be used to remove heteroscedasticity. Define vy}, = %
it

and z}, = %=, The conditional posterior is normal with mean and variance defined
it

as in Step 1 above.

3. Stochastic volatility of idiosyncratic components G(o;|V). Conditional on the re-

maining parameters, a non-linear state-space model applies to each idiosyncratic

component:
Uip = Pitlip—1 + Ti (11)
var(Yy) = oy (12)
In 0'1-225 = C~,L + Czl In 0'1-22571 + g; Vit (13)

We draw o;; from the conditional posterior using the particle Gibbs sampler with

ancestor sampling introduced by Lindsten et al. (2014).



4. G(g;|V). This conditional posterior is inverse Gamma with scale parameter gy +
~ / ~
<ln 0% — ¢ —d;In 0'?#1) (ln 0% — ¢ —d;In thq) and degrees of freedom T; + Ty

where T; denotes the time-series for the ith cross-section.

5. G(A;|¥). The transition equation for the stochastic volatility is a linear regression
model. Conditional on Ino?, g;, the conditional posterior is normal. Let y = Ino?

and x = [1,Inc?_,;]. Then the variance of the conditional posterior is defined as:

-1
V= (Egl + éx’x) and mean M =V <221A0 + ix’y)

6. VAR coefficients G(3|¥). Conditional on the remaining parameters 4 is a VAR
with heteroscedastic disturbances. As we assume that the covariance matrix of Ej is
diagonal, one can draw from the conditional posterior of the coefficients equation by
equation. The conditional posterior is normal after a GLS transformation. Carriero
et al. (2022) describe an efficient algorithm to implement this draw and we follow

their approach.

7. Stochastic volatility G(hg| V). The transition equations can be cast as a non-linear

state-space system:

P

Zt =c+ Z ijt,] + Et (14)
j=1

In hkt = C_k + Ek In hkt—l + dkukt (15)

As in step 3, we employ a particle Gibbs sampler to draw hy; from the conditional

posterior distribution.
8. G(di|¥). This step is identical to Step 4.

9. G(A|V). This step is identical to Step 5.

1.5 Contribution of regional factor to temperature variance

Figure S4 shows the contribution of the regional factor to temperature volatility while
Figure S5 shows the contribution of the regional factor to precipitation volatility. See

main text for details.
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Figure S1: Robustness: Fat tails

World temperature and precipitation factors
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Figure S2: Robustness: Two factors

First world temperature and precipitation factors Second world temperature and precipitation factors
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Centigrade

Figure S3: Robustness: Longer lags
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Figure S4: Contribution of the regional factor to temperature volatility
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Figure S5: Contribution of the regional factor to precipitation volatility
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