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Abstract
We propose a novel approach for measuring the impact of climate change on long-horizon equity
risk and optimal portfolio choice. Our method combines historical data about the impact of
climate change on return dynamics with prior beliefs elicited from the temperature long-run
risk (LRR-T) model of Bansal, Kiku, and Ochoa (2019). Our Bayesian framework incorporates
this prior information to obtain more precise estimates of long-term climate risks than existing
methods that solely rely on historical data. We document two key findings. First, disasters
lead to persistently lower risk-free rates, whereas the negative impact on market returns is
transitory. As a result, the expected equity risk premium increases after disasters. Second, an
investor with LRR-T beliefs perceives stock markets to be riskier over longer horizons because
disasters induced by climate change reduce mean reversion in returns. Combining these results,
we find that for investors with a horizon longer than 25 quarters, the optimal allocation to
equity decreases when accounting for climate change because the increase in perceived market
risk outweighs the increase in the market risk premium. In contrast, for short-term investors
the allocation to equity increases relative to investors with uninformative prior beliefs about the

effect of climate change on future returns.
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1 Introduction

A growing body of research examines how climate change affects socio-economic outcomes, ranging
from agricultural production and labor productivity to health and civil conflict.! Colacito, Hoff-
mann, and Phan (2019) show that rising temperatures can reduce U.S. economic growth by up to
one-third over the next century. Climate change also affects financial markets. Hong, Li, and Xu
(2019) find lower earnings growth and stock returns for food companies in countries that experience
prolonged periods of drought. Bansal, Kiku, and Ochoa (2019) argue that temperature change is a
source of long-run economic risk that carries a significantly positive premium in equity markets.

Investors are increasingly aware that climate change can pose significant investment risks that
should be integrated in their portfolio strategies. Regulators also recognize that financial institu-
tions are exposed to environmental risk factors and encourage them to quantify these risks. For
instance, new European regulations (IORP II) require pension funds to include climate risk in their
own-risk assessment. However, despite their efforts, investors struggle to fully grasp the potential
impact of climate change on the value of their portfolio and are searching for approaches to quantify
these risks (see, e.g., the survey conducted by Krueger, Sautner, and Starks (2020)).2

Existing work studies the impact of climate change on current asset prices. However, given
the long-term nature of climate change, long-horizon investors such as pension funds are more
concerned about its effects over longer holding periods. These long-term effects are difficult to
measure due to two key problems:data unavailability and peso problems. Estimating the climate
risk exposure of assets is challenging because data availability for climate risk factors is limited and
because currently available data samples may not include sufficient realizations of severe climate
change effects. Robert Stambaugh summarizes the uncertainty about the long-horizon impact of
climate change on asset prices by noting that when we “expand the horizon to the next several
decades, the possible effects of global warming range from negligible to catastrophic.”?

We address these issues by proposing a novel approach for measuring the impact of climate

!Dell, Jones, and Olken (2014) provide an overview of work on the economic impact of climate change.

2In his 2020 letter to CEOs available at www.blackrock.com/uk/individual/larry-fink-ceo-letter, Larry
Fink notes that “climate change is almost invariably the top issue that clients around the world raise with BlackRock.”

3This quote is from https://www.nytimes.com/2009/03/29/your-money/stocks-and-bonds/29stra.html.



change on long-horizon equity risk and return that supplements historical data with prior infor-
mation derived from economic theory. In particular, we set up a Vector Autoregression model
(VAR) to analyze the long-run dynamics of equity returns and include temperature change as a
predictor in the VAR model to proxy for climate risk. Since the frequency and economic impact
of past climate-induced disasters may not be representative of their future impact in a scenario
of prolonged climate change, historical data may not be very informative about the impact of cli-
mate change on long-horizon returns. We therefore estimate the VAR parameters using a Bayesian
approach that combines historical data with theoretical prior beliefs about return dynamics.*

We elicit these beliefs from the temperature long-run risk (LRR-T) model of Bansal, Kiku,
and Ochoa (2019), in which rising temperatures influence asset prices by increasing the likelihood
of future climate disasters that lower economic growth. Because of investors’ concerns about the
implications of temperature increases for future growth, climate risk can be reflected in current
asset, prices even though the impact of climate change in historical data is limited. By imposing
a structure on the relation between temperature change and returns, the LRR-T model provides
prior information about the impact of climate change. Incorporating this information yields more
precise estimates of long-term climate risks than existing methods that solely rely on past data.

Our main results are as follows. First, we show that an investor with LRR-T beliefs perceives
stock markets to be riskier over longer horizons because disasters induced by climate change reduce
mean reversion in returns. Intuitively, because in the LRR-T model temperature change is per-
sistent, climate-induced disasters tend to occur in clusters during high-temperature periods, i.e.,
disasters are more likely to be followed by further negative shocks to consumption and dividends
than by positive shocks. As a result, the long-horizon predictive variance of returns is higher for
investors who form beliefs based on the LRR-T model than for investors with an uninformative
prior.

Second, we find that the investor with LRR-T beliefs expects the market risk premium to
increase after a climate disaster occurs. In particular, whereas disasters cause a persistent negative

shock to risk-free rates, the negative impact on expected market returns is transitory because prices

4As pointed out by Avramov, Cederburg, and Lucivjanska (2018), “asset pricing theory could provide additional
guidance about important aspects of the return process for which the sample evidence is not particularly informative.”



rapidly account for lower expected future dividends after a disaster strikes.

Third, we quantify the impact of climate change on portfolio choice for investors who can choose
between allocating their wealth to the market portfolio and the risk-free asset. We show that for
long-term investors with a horizon beyond 25 quarters, the optimal allocation to equity decreases
when accounting for climate change because the increase in perceived market risk outweighs the
increase in the market risk premium. In contrast, for short-term investors the increase in the
expected market risk premium is sufficiently large to increase the optimal allocation to equity. The
impact of climate change on the predictive return variance increases with the investment horizon
because of the positive trend in temperature that increases the occurrence of clustered climate
disasters. Assuming more severe climate change scenarios amplifies these effects.

Finally, we document larger (smaller) expected returns for investors in a portfolio that is (non-)
vulnerable to temperature change, as compared to each other and the market. This is visible in
both the historical data and our theoretical model. Investors turn out to be fairly (perhaps even
more than fairly) compensated for additional risk in vulnerable portfolios. Therefore, long-only
investors who can combine the risk-free asset with vulnerable and non-vulnerable portfolios tend
to invest in vulnerable portfolios in a similar fashion as they would otherwise do in the market, and
leave non-vulnerable portfolios out of their optimal allocation entirely.

Our work contributes to two strands of literature. First, we add to the growing body of literature
that studies how climate change affects asset prices. Existing work shows that carbon emissions
(Tlhan, Sautner, and Vilkov (2020) and Bolton and Kacperczyk (2019)), temperature increases
(Balvers, Du, and Zhao (2017), Barnett (2020), and Kumar, Xin, and Zhang (2019)), and drought
trends (Hong, Li, and Xu (2019)) impact asset prices. Whereas these papers focus on the short-term
consequences of climate change, we study the implications for long-horizon investors.

Second, we extend the literature on long-horizon equity risk. Climate change adds to known
determinants of long-run risk such as mean reversion (Barberis (2000)) and uncertainty about future
expected returns (Pastor and Stambaugh (2012)). Our paper builds on the approach proposed by
Avramov, Cederburg, and Lucivjanska (2018) to formulate prior beliefs about return dynamics

based on economic theory. We contribute to their work by incorporating climate change as a new



source of long-horizon risk and by studying its impact on optimal portfolio choice for long-term
investors. We show that climate change has a significant impact on the predictive distribution of
equity returns, increasing both the market risk premium and the long-horizon return variance.
The paper proceeds as follows. In Section 2 we introduce our approach for modeling long-
horizon equity returns. In Section 3 we discuss how we incorporating prior beliefs implied by the
LRR-T model in our model. Section 4 presents the predictive regression estimates, the long-horizon
implications from these estimates on variance ratios and correlations, and the impact of climate

change on optimal portfolio choice of long- and short-term investors. Section 5 concludes.

2 Long-Horizon Portfolio Choice

Section 2.1 introduces the predictive VAR model that we use to characterize the long-horizon
dynamics of equity returns. Section 2.2 explains the Bayesian approach used to estimate the VAR

parameters model and the methodology used to construct optimal portfolios.

2.1 Long-horizon forecasts

We estimate a Vector Autoregression (VAR) model on quarterly data from 1947Q1 to 2019Q4 to
analyze the long-horizon dynamics of equity risk and returns, as is common in the strategic asset
allocation literature (e.g., Barberis (2000) and Pastor and Stambaugh (2012)). To capture climate
risk, we augment the model with a return predictor related to climate change through the inclusion

of the long-term trend in temperature change in the model. Specifically, the VAR is given as
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where 7,441 is the log market return, p;41 — di41 is the log price-dividend ratio of the market
portfolio, rf;yq is the ex ante risk-free yield to maturity and AT;y; is the long-term tempera-

ture innovation, proxied by the first difference of the five-year moving average of the temperature



anomaly.® The set of VAR parameters (a, B,Y) can be split into parts as
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We use the predictive VAR from Equation (1) to make long-horizon forecasts for the market return®
(cumulative log returns 7y, ;4% = Tmyi+1 + -+ + Tmye+k) and the state variables in the model
conditional on the estimated set of VAR parameters (a, B,Y) and the last observed value of the

state variables x;, given as

Elrmiiin | B, S, ai] = kar + b (1= By) ™ (KL = (I = B,) ™ (I = BE))ag + (I = Bo)ai), ()

SSince we assume that the Campbell and Shiller (1988) decomposition holds in our holds in our model, we do not
include dividend growth in this VAR specification. The VAR coefficients related to dividend growth can be computed
directly from the coefficient estimates for the market return and the price-dividend ratio, as is done in Avramov,
Cederburg, and Lucivjanska (2018). However, in our analysis, we do not study the VAR dynamics of dividend growth.

5We use the same predictive regression for the returns of portfolios that are vulnerable and non-vulnerable to
temperature change in additional analyses.
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where z; = [pt —dy g ATt] . Avramov, Cederburg, and Lucivjanska (2018) show that the con-

ditional variance of the long-horizon return forecast equals
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uncertainty about future expected returns

The i.i.d. uncertainty stays constant per-period. Mean reversion causes long-horizon variance to
decrease, which is why Siegel (2008) argues that equities are less risky for long-horizon investors.
The third component is uncertainty about future expected returns. The idea of this component
is that predictors in the VAR model are time-varying, and uncertainty about the level of future
predictors will increase the predictive variance of the dependent variable as well. We study the

changes to the variance over the horizon by analyzing the variance ratio for market returns V Ry =

Var(rm, t,e4k|Dt)
EVar(rm,t,¢41|D¢) "

2.2 Bayesian estimation

We estimate the parameters of the VAR using a Bayesian approach that complements historical
data with prior information derived from economic theory. Specifically, we impose a structure
on the relation between the temperature trend and economic and dividend growth by specifying
prior beliefs based on the LRR-T model from Bansal, Kiku, and Ochoa (2019). We derive the
implications of the LRR-T model for return dynamics by applying the framework of Avramov,
Cederburg, and Lucivjanska (2018). The model and the construction of the model-based VAR
parameters are discussed in Sections 3.1 to 3.4.

Our Bayesian approach to incorporating climate risk into portfolio choice allows for the accom-
modation of different investor beliefs about the pricing of climate risk in equity and risk-free bond
markets. We quantify the effect of these prior beliefs on the perceived riskiness of stock markets

over different holding periods and on optimal portfolio choice for long-term investors. We consider



three prior investor beliefs. First, the agnostic investor has no prior views about the impact of
climate change on equity return dynamics and, therefore, lets the data speak. This is equivalent to
a frequentist approach for estimating the VAR model that ignores prior information and gives full
weight to the return dynamics implied by historical data.” Second, the climate risk believer is con-
vinced that climate change affects equity returns in the way implied by the temperature long-run
risk model. This dogmatic investor therefore assigns full weight to the model-based prior beliefs.
Historical data are not taken into account by this investor. Third, the Bayesian investor has faith in
her prior beliefs derived from theory, but is aware that these beliefs may be inaccurate and updates
them based on observed data. She assigns equal weights to the prior and the data. The posterior
specification for the VAR model from this investor is discussed in Appendix A.3. Our approach
easily extends to different beliefs. For example, one could analyze a climate risk denier that fixes

the coefficient from market returns on temperature change in the VAR model to a value of zero.

2.2.1 Sampling and portfolio choice

We draw posterior observations from the predictive VAR from Equation (1) from the posterior VAR
distribution in Appendix A.3 with direct sampling until we have 5,000 accepted draws. In the VAR
model based on the data with uninformative prior (agnostic investor) and the model-based prior
(climate risk believer), all draws are accepted. In the VAR model that combines historical data
with the model-based prior (Bayesian investor), we apply the non-negativity constraint proposed
in Campbell and Thompson (2008) by only accepting draws with positive equity premiums. The
methodology to apply this constraint in a Bayesian setting is also discussed in Pettenuzzo, Tim-
mermann, and Valkanov (2014) and Avramov, Cederburg, and Lucivjanska (2018). The posterior
mean of these draws is the set of VAR parameters on which we base our portfolio choice.

We compute the optimal allocation to the risky portfolios and the risk-free asset for a buy-
and-hold long-only investor. Optimal portfolios for various investment horizons k are constructed

by maximizing expected power utility with respect to the predictive distribution of future stock

"Technically, we estimate the posterior VAR for this investor on historical data with an uninformative multivariate
Jeffreys prior.



returns.’. Formally, the investor maximizes expected utility at time ¢ 4+ k conditional on the

estimated VAR parameters (a, B, X)

max B [U(Wiik)|(a, B, )], (6)

Wi, t+k

where end-of-period wealth of our buy-and-hold investor is Wiy = we 15 Re t4%, With wyr the
vector of optimal portfolio weights to the available assets and R; ;1 the cumulative return on these
assets. Power utility is given as U(Wy,x) = Ml/%{f;‘, in which A = 5 is the risk aversion level. We
compare two investors, one who invests in the market portfolio and the risk-free asset, and one
who combines portfolios that are vulnerable or non-vulnerable to temperature innovations with
the risk-free asset. We use the numerical methodology described in Appendix A.4 to solve the
optimal weights for investment horizon k from 1 to 100 quarters. In a nutshell, we use a grid search
over possible investment weights to compute the weights that give the highest average utility over
250,000 draws of future returns forecasted from the estimated VAR parameters until horizon k. As
Hoevenaars, Molenaar, Schotman, and Steenkamp (2014), we explicitly account for reinvestment

risk in the risk-free asset and, therefore, allow for correlated returns between the risk-free asset and

risky assets.

3 Incorporating Theoretical Prior Information

Section 3.1 outlines the LRR-T model that is used to form prior beliefs about the impact of climate
change on financial market variables. Section 3.2 describes the data including the construction of
vulnerable and non-vulnerable portfolios and Section 3.3 discusses the calibration of the LRR-T
model. Section 3.4 illustrates the implications from the LRR-~T model and the simulation approach

used to derive the model-implied prior beliefs for the VAR parameters.

8Power utility is often assumed in related work, e.g. Pastor and Stambaugh (2012), Diris (2014), Hoevenaars,
Molenaar, Schotman, and Steenkamp (2014), and Johannes, Korteweg, and Polson (2014)



3.1 The temperature long-run risk model

Theoretical beliefs about our VAR parameters are based on an adjusted version of the LRR-T model
of Bansal, Kiku, and Ochoa (2019). The LRR-T model imposes a structure on the relation between
temperature change and financial market variables such as stock market returns and price-dividend
ratios. The representative investor with Epstein and Zin (1989) recursive preferences optimizes

lifetime utility
(2]

1—y

U= [ -8)C7 +omuiyn| ()

with C}; aggregate consumption at time ¢, § € (0,1) the investor time preference, v the coefficient

of risk aversion, 6 = 117%, and 1 the elasticity of intertemporal substitution (IES). The log of
b

aggregate consumption growth (Acyy1 = log(Cyy1/C4)) and log dividend growth of the portfolio 7”
(Adt-i-l,i = log(DtH’i/Dt,i)) follow

Acit1 = pe + oeney1 + Xega,
Adgy1,i = pg + TaoiNer1 + ¢iXep1 + Qaotu1,
Ut2+1 =62 +v(of — &) + Tulii1,

MNt+1y Ut41, W41 ™~ NZZd(O, 1),

with mutually independent shocks 141, u¢y1, and wey; scaled by time-varying volatility o;. X4 is
the adverse economic impact of temperature-driven disasters on consumption and dividend growth,

based on a disaster process N with Poisson distributed increments as

Xiy1 = pXi + dANp,
(9)
ANgpq ~ Poisson(A: = At(Ng + M T7)),
where p < 1 is the persistence of economic disaster impact, d < 0 is the initial disaster-related

growth shock to consumption and dividends and 7 is the long-term temperature level, in turn

9Portfolio ¢ is the market or the portfolio (non-)vulnerable to temperature innovations, i = m, v, nv



based on the atmospheric carbon concentration ¢; as

Tiy1 = XEt41,
€41 = Vet + He + O(pte + ones1) + 0¢Cr1s (10)

Copr ~ Ni.i.d.(0,1).

This structure allows for a feedback loop between consumption growth and the atmospheric carbon
concentration, by including . and 7;41 in the process for the latter. We assume that the log of the

wealth-consumption ratio z; and the log of the price-dividend ratio of portfolio ¢, 2, are given as

2y = Aoy T A Tt + Ag Xt + A3(,i)0t2~ (11)

Portfolios differ in the exposure of future dividend growth on disaster impact X;y1, through the
portfolio-specific parameter ¢; in Equation (8), which is higher for portfolios more vulnerable to
temperature change. The analytical solution of the price-dividend and wealth-consumption ratios,
using the Campbell and Shiller (1988) decomposition, is presented in Appendix A.1. We discuss
the adjustments made to the LRR-T model of Bansal, Kiku, and Ochoa (2019) in Appendix A.2.

3.2 Data

Market returns, dividend growth, and price-dividend ratios are from the Irrational Exuberance
dataset available on Robert Shiller’s website.!? As a proxy for market returns we use the monthly
real log returns including dividends on the S&P 500 index. Dividend growth is the log difference
of the monthly real dividends on the market portfolio. The log price-dividend ratio is the log
difference between the real S&P 500 price and the corresponding monthly real dividend.

Monthly ex ante real risk-free returns are constructed following Beeler and Campbell (2012).
We use the seasonally unadjusted consumer price index (CPI) from the Bureau of Labor Statistics
to construct quarterly and yearly inflation as the log difference between the CPI levels at the end

of the current period and the end of the previous period. To construct ex post real risk-free yields

http://www.econ.yale.edu/~shiller/data.htm.

10



we subtract the quarterly log inflation from the log CRSP Treasuries three month risk-free yields.
Ex ante risk-free rates are the predicted value from the regression of ex post real risk-free yields on
an intercept, nominal risk-free yields and the annual log inflation divided by four.

We obtain average monthly land-based U.S. temperature anomalies from the nClimDiv dataset
of the National Oceanic and Atmospheric Administration (NOAA).'! We transform these anomalies
to degrees Celsius, as in Bansal, Kiku, and Ochoa (2019). We use the first difference of the five-
year moving average (MA) of the temperature anomaly as a proxy for the long-term temperature
change.

Consumption data is from National Income and Product Accounts (NIPA). Annual per capita
real consumption growth is the seasonally-adjusted aggregate nominal consumption expenditures
on nondurables and services (NIPA Table 2.3.5), adjusted with the price deflator series from NIPA
Table 2.3.4 and divided by population (from NIPA Table 2.1).

We construct portfolios that are vulnerable or non-vulnerable to temperature change based a
sort of industry portfolios on contemporaneous exposure to temperature change, building on the
work of Balvers, Du, and Zhao (2017). We obtain value weighted monthly industry returns for 49
industries from Kenneth French’s website.!? We run a five-year rolling window regression (with at
least 2.5 years of available data) of the log real monthly industry returns on temperature change
and log real market returns. We then sort the industries on their exposure to temperature change
and take the bottom (top) 5 industries as (non-)vulnerable industries. We take equally weighted
returns of these industries in the month after our regression as the return of our vulnerable and
non-vulnerable portfolios.

The sample period is 1947-2019.13 All variables are monthly, except for consumption growth,
which is annual because monthly consumption data is unavailable in the early years of our sample.

Whenever we report quarterly or annual results, these are time-aggregated from monthly data using

HTemperature anomalies are the monthly average temperatures minus the average temperature in that same
month for our base period 1901-2000. This base period is arbitrary and has no impact on our results, since we take
a first difference that drops the base level.

2https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html.

130ur starting date follows Barnett (2020) and balances the need for a longer sample to make more accurate
long-term return forecasts with the fact that data from periods preceding the general awareness of climate change is
likely uninformative about the impact of climate change on long-horizon equity risk.

11



the methods from Bansal, Kiku, and Yaron (2016).

3.3 Model calibrations

We calibrate the LRR-T model with the calibration parameters given in Table 1. The main cali-
bration is a scenario in which the temperature anomaly is zero in expectation at the start of our
sample, with a long-term temperature expectation that is one degree Celsius higher. We call this
the baseline climate change scenario and it is chosen because it closely matches our historical data,
where we observe an increase in the temperature anomaly roughly from zero to one degree Celsius'?.
We calibrate the LRR-T model for the baseline scenario to match economic growth and financial
moments.

We adjust the baseline LRR-T calibration in two ways for additional analyses. First, we include
two scenarios with increased climate change for which we use the same LRR-T calibration, adjusting
only the expected temperature change by adjusting the starting atmospheric carbon concentration
(e0) and the separate trend in carbon emissions (u.). The alternative scenarios have expected
increases from one to two (moderate scenario) and one to four (severe scenario) degrees Celsius
over our sample period. For these scenarios we start at a higher temperature level to match expected
climate change going forward, instead of matching observed data. Second, we allow for portfolio-
specific impact of climate change by adjusting the dividend growth loading on climate disasters ¢;
to increase or decrease vulnerability towards climate change. Specifically, we include the market
portfolio in the baseline calibration and use ¢, and ¢y, for the vulnerable and non-vulnerable
portfolios, respectively.

The first and second moments of observed economic growth, price-dividend ratios and returns
in the data are compared with the implications from the LRR-T model calibrations in Table 2.
The baseline LRR-T model fits the data well in most aspects. The main moments the model does
not match the data are related to the price-dividend ratio, as is commonly observed with LRR
calibrations. For example, Bansal, Kiku, and Yaron (2012) report expected price-dividend ratios at

3.07 and standard deviation of the price-dividend ratio at 26% in their LRR population moments.

10 our sample, the temperature anomaly is 0.1 in 1948 and 1.2 in 2019. Alternative sources of temperature
anomalies show more smoothed versions that are closer to the 0-1 we use in our calibration.

12



Table 1: Calibration parameters for the temperature long-run risk model

LRR-T Baseline

Preferences 6 y ()
0.998 6 1.5
Consumption e p d 1 v Ow
0.0052  0.99  —0.004166 0.0072 0.999 0.0000028
Dividend Kd Td ¢m ¢v ¢m} Pd
0.0062 2.0 1.1 1.35 0.85 5.0
Climate Ve €0 Lhe (S o¢ X Ao M
0.9971 -1 0.0095 1 0.4 0.2 0.075 0.075
Scenarios €0 Ihe
LRR-T Moderate 4 0.0238
LRR-T Severe 2.1 0.0528

This table shows the calibrated parameters for the temperature long-run risk model from Equations (8)
o (11), based on a monthly decision interval. The baseline scenario matches historically observed climate
change, with the temperature anomaly increasing from 0 to 1 degrees Celsius in expectation. The alternative
scenarios forecast increased climate change, with future expected increases of the temperature anomaly from
1 to 2 and 1 to 4 degrees Celsius, respectively, for the moderate and severe scenarios. For these alternative
scenairos, we only adjust the climate process in the baseline calibration by using different values for g9 and
te. Pm, P and ¢, are the parameters for the different growth processes of the market, and the portfolios
vulnerable and non-vulnerable to temperature innovations, respectively.

In our calibration, we have a stronger focus on matching equity returns well, for these moments
our LRR-T calibration performs better than previous LRR calibrations.

Increased temperature change in the moderate and severe LRR-T scenarios change the model
implications in several ways. In general, we find that higher temperatures imply more disasters,
resulting in lower growth rates, price-dividend ratios and average returns. The annual standard
deviation of the market returns does not increase with more severe climate scenarios, because
negative monthly market returns around disasters are followed by a quick recovery. In other words,
each climate disaster has a persistent impact on prices and price-dividend ratios, but its effect
on market returns is transitory. Expected market returns are, however, significantly lower with
more severe climate scenarios because of the increased occurrence of disasters that each have a

transitory effect on market returns. In expectation, the market risk premium remains similar

with different scenarios for climate change, because expected market returns and expected risk-free

13



Table 2: Calibration moments for temperature long-run risk models

Data LRR-T Baseline LRR-T Moderate LRR-T Severe
E(rm) 0.072 0.070 0.049 0.025
o(rm) 0.164 0.160 0.160 0.161
E(rf) 0.006 0.006 —0.013 —0.035
a(rf) 0.019 0.024 0.029 0.040
E(p—d) 3.515 3.011 2.801 2.530
olp—d) 0.446 0.226 0.214 0.258
E(Ac) 0.018 0.018 —0.011 —0.044
o(Ac) 0.013 0.039 0.046 0.059
E(Ad) 0.025 0.025 —0.007 —0.043
o(Ad) 0.061 0.118 0.123 0.130
E(AT) 0.015 0.014 0.014 0.041
o(AT) 0.112 0.112 0.112 0.115

This table reports the first and second moments of market returns, ex-ante risk-free yields, log price-dividend
ratios, consumption and dividend growth, and the temperature innovation. The first column reports the
historical moments from monthly data time-aggregated to annual values (1947-2019), the columns on the
right show the population moments from 10,000 simulations from the three different calibrations of the LRR-
T models from Table 1. The baseline model matches historically observed climate change and the moderate
and severe models forecast scenarios with increased climate change.

returns decrease by roughly the same amount. Finally, the standard deviations of consumption

growth increase relatively more than those of dividend growth, because consumption growth is

more affected by the increased occurrence of disasters than dividend growth!®.

3.4 Model simulations

We derive the implications of the LRR-T model for return dynamics by applying the framework of
Avramov, Cederburg, and Lucivjanska (2018). The LRR-T model does not present an analytical
solution to the VAR from Equation (1). Therefore, we simulate data from our asset pricing model

and estimate the VAR on the simulated data. For each version of the LRR-T model (i.e. for each

15Consumption growth is affected more in our calibration because we prioritize matching the observed standard
deviation of market returns to matching the observed standard deviation of dividend growth. Effectively, we include
a relatively volatile shock u¢41 in the dividend growth process of Equation (8) that is not affected by the occurrence
of disasters. Therefore, the standard deviation of dividend growth is not affected as much by increased disaster
occurrence.
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Figure 1: A single simulation from the baseline LRR-T model.
This figure shows the simulated market return, price-dividend ratio, risk-free rate and temperature anomaly
from the baseline calibration of the LRR-T model in Table 1. We simulate 876 months, to match our
1947-2019 historical data sample.
calibration), we simulate 10,000 samples based on the processes in Equations (8)-(11), combined
with the calibration from Table 1 and the solution to the fixed point problem discussed in Appendix
A.1. Each simulated sample matches our historical data sample of 292 quarters from 1947Q1 to

2019Q4. We compute the levels, variances and correlations of the variables in the VAR model as

implied by the LRR-T model as the mean of the VAR estimations for these 10,000 samples.
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Our Bayesian investors combines the parameter estimates from the VAR model estimated using
historical data on stock market returns, price-dividend ratios, risk-free rates, and temperature
innovations, with the VAR parameters implied by the simulations from the LRR-T model. We
give the same weight to the historical data and prior information. To achieve this, we set the
misspecification of the model-implied prior of the VAR parameters to match the misspecification in
the historical data, by scaling the prior density to the number of observations in our sample (N).
This is visible in the posterior distributions presented in Appendix A.3.

To illustrate how temperature change impacts financial performance we show a single simulation
from the baseline LRR-T calibration in Figure 1'6. In this simulation we see that temperatures
increase over the sample (in line with the calibrated trend), with quite some variance in the tem-
perature process as is observed in the historical data. In expectation, temperature anomalies start
at 0 and increase to 1, but we observe both much higher and lower temperature anomalies in the
simulation shown in Figure 1. With increases in temperatures, the expected occurrence of future
disasters that affect future consumption and dividend growth rates is increased. Price-dividend
ratios and risk-free rates respond to these expected future adverse events with immediately de-
creases. Climate disasters start occurring in the second half of the simulation, most clearly visible
in the risk-free rate!”. These disasters have an immediate and persistent impact on risk-free rates
and price-dividend ratios. In market returns, we do not observe persistent impact of disasters,
as decreasing prices keep future market returns relatively stable. There is, however, significant
transitory impact from climate disasters on market returns, as the most negative market returns
observed in our simulation are caused by disasters. Overall, the market risk premium increases
after disaster occurrence, because risk-free returns are persistently lower while the market rebounds
quickly after the initial transitory shock.

The population moments from 10,000 simulations of the baseline LRR-T model imply the
VAR structure shown in Table 3. For now, all coefficients are significant by construction, since

we base the VAR in this table on the population moments from the model without allowing for

16This is a single simulation that we have chosen semi-randomly - this is not the general pattern from a large
group of simulations, but a random outcome.

17We note that, in this simulation, we observe disasters relatively late by coincidence - in expectation we would
observe roughly one disaster each every 100 months.
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Table 3: Population estimates for VAR parameter and covariances from the temper-
ature long-run risk model

Intercept  p; — d; Tr AT,
T t41 0.232 —0.050 2.589 —0.058
Pea1 — der1 0.309 0.929 2.170 —0.161
Tfi+1 —0.001 0.000 0.981 —0.001
ATy —0.005 0.001 —0.007 0.963

This table shows the model coefficients of the VAR from Equation (1) as implied by the population moments
of the baseline LRR-T model. The model is estimated on a quarterly time interval matching 1947Q1-2019Q4.
misspecification. First, relations between market returns and financial predictive variables are as
expected. Increases in price-dividend ratios decrease expected market returns and increases in risk-
free rates increase expected market returns. This VAR structure differs from previous literature
by the inclusion of a temperature innovation as a predictive variable. Temperature increases have
a strong negative impact on next period expected market returns. The coefficient from market
returns on the temperature trend implies that a one standard deviation shock to temperature
change decreases quarterly expected market returns by 0.65%, or 2.6% annually. This initial impact
on market returns is partly offset in long-horizon forecasts, because the temperature increase also
decreases price-dividend ratios. The temperature innovation is highly persistent, which is implied
by the LRR-T model because we calibrate a positive trend in the temperature anomaly. Overall,
this VAR shows that the LRR-T model indeed imposes a structure on the impact of temperature

changes on equity risk and return.

4 Empirical Results

Thus far we have examined the effect of climate change on financial markets through the lens of the
LRR-~T model. We now discuss how these theoretical implications affect the empirical estimates
of a Bayesian investor. Section 4.1 presents predictive regression estimates for an investor who
forms prior beliefs based on the LRR-T model and for an investor who fully relies on historical
data. Section 4.2 shows the implications of these estimates for long-horizon return variances and

correlations. Section 4.3 combined these results in portfolio choice of investors with different beliefs
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over the horizon.

4.1 Predictive regressions

We estimate the quarterly predictive VAR from Equation (1) on the sample from 1947Q1 to 2019Q4
for three investor types: an agnostic investor who uses a data-based VAR with uninformative prior,
a dogmatic investor, referred to as climate risk believer, who assumes that the VAR parameters
follow the structure implied by the baseline LRR-T model, and a Bayesian investor who estimates
the VAR parameters by combining historical data with the theoretical insights from the LRR-T
model. Table 4 shows the posterior mean of the VAR coefficients for these investor types, along
with their posterior standard deviations.

In panel A of Table 4, we show the posterior VAR based on historical data. From the coefficient
estimates we observe that price-dividend ratios have negative forecasting power on market returns,
while increases in risk-free yields imply higher market returns. The inclusion of temperature change
in the model does not make the VAR much more informative for long-horizon return forecasts. We
observe statistically insignificant, but economically meaningful, positive coeflicient estimates on the
temperature trend. The positive relation between the historical temperature trend and financial
outcomes is expected, since we have observed both increasing temperatures and financial growth
in our sample.

On the other hand, we have a dogmatic investor that bases her beliefs about the VAR model
completely on the LRR-T prior. Panel B of Table 4 reports the posterior VAR for this climate
risk believer, based on the baseline LRR-T model. The VAR coefficients are almost identical to
the population estimated for the VAR parameters reported in Table 3. The difference with the
population estimated are in the decreased statistical significance of the results. We introduce model
misspecification in these estimates to match the information in the prior beliefs to the historical
data sample from 1947Q1 to 2019Q4, as described in Section 2.2. We still observe economically

meaningful negative impact from increased temperatures on financial outcomes, but our sample is
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Table 4: VAR parameter estimates for the agnostic, dogmatic and Bayesian investor

Panel A: Data (uninformative prior) - Agnostic
Intercept  p; — dy Trt AT,

Pt 0.116  —0.020 0.713  0.029
0.049 0.010 0925  0.084

Pis1 — dirr  0.074 0.985  1.302  0.014
0.051 0.010  0.955  0.087

T+l 0.002 0.000 0.883 0.001
0.001 0.000 0.022 0.002
ATy —0.035 0.008 0.832 0.072

0.034 0.007 0.656 0.059

Panel B: LRR-T prior - Dogmatic
Intercept py — dy Tft AT,

Tmt41 0.234 —0.050 2.602 —0.061
0.140 0.032 1.132 0.182

Di+1 — det1 0.309 0.929 2.169  —-0.160
0.097 0.022 0.784 0.126

Tft+1 —0.001 0.000 0.982  —0.001
0.002 0.000 0.017 0.003
ATy —0.005 0.001 —0.011  0.963

0.013 0.003 0.111 0.018

Panel C: Data with LRR-T prior - Bayesian
Intercept  p; — d; Tr AT;

Font1 0.049  —0.007 1.083  0.011
0.024  0.005  0.403  0.046

Pre1 —digy1 0.032 0.993 0439  —0.001
0.025 0.005  0.38  0.051

Tftrl 0.000 0.000 0.962 0.000
0.001 0.000 0.010 0.002
ATy 0.008 —0.001  0.177 0.299

0.018 0.004 0.263 0.039

This table shows the posterior means of the parameter estimates of VAR from Equation (1). Posterior
standard deviations are reported below the coefficients. Panel A reports the VAR for the agnostic investor,
based on uninformative priors. Panel B reports the VAR for the climate risk believer, based on the baseline
LRR-T prior. Panel C reports the VAR for the Bayesian investor that combines data with the baseline
LRR-T prior. The VARs are based on a quarterly sample from 1947Q1 to 2019Q4.

relatively short for long-horizon forecasts'®, which may be why posterior coefficients on temperature

18 Generally, samples used for long-horizon forecasts are longer than 100 years. For example, Avramov, Cederburg,
and Lucivjanska (2018) use 141 years of historical data. As discussed above, we are forced to analyze a shorter sample
because we believe that historical data from longer ago is not informative about the impact of climate change on
market returns.
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change are now statistically insignificant. Comparing panels A and B, it is clear that historical data
and economic theory have opposing implications about the impact of climate change on financial
performance, which makes it useful to include both views.

Panel C of Table 4 reports the posterior VAR for the Bayesian investor that combines impli-
cations from historical data (panel A) with the baseline LRR-T prior (panel B). As expected, the
posterior coefficients and correlations of this VAR are generally in between the reported values in
panel A and panel B. Since panels A and B present opposite results, the Bayesian investor generally
does not seem to give a lot of weight to temperature change, which is visible in the small absolute
posterior coefficients on temperature change. These small coefficients do have significant impact on
long-horizon predictive distributions of market returns, however. Small changes in the predictive
VAR parameters become increasingly important after several quarterly forecasts.

Table 5 shows similar predictive regressions for the vulnerable and non-vulnerable portfolios. In
these portfolios, we see stronger predictive power from temperature change on returns, especially
for the agnostic investor in panel A and the Bayesian investor in panel C. The agnostic investor finds
negative (positive) predictive power from temperature change on the returns of the (non-)vulnerable
portfolio. Increasing temperatures decrease vulnerable portfolios, which seems to suggest lower
expected future dividends. Non-vulnerable assets are positively affected by temperature increases.
Both these coefficients are statistically insignificant, but economically meaningful. However, the
difference between these two portfolios does have a statistically significant loading on temperature
change. In the LRR-T prior, we also find a negative loading from vulnerable portfolio returns
on temperature change. However, in contrast to the data, the non-vulnerable portfolio is also
negatively affected by temperature increases. This is in line with the model set-up, where all
portfolios are always negatively affected by disasters. The Bayesian investor shows coefficients

between those of the agnostic and the dogmatic investors.

4.2 Long-horizon implications

We now use the VARs from Table 4 and the long-horizon variance from Equation (5) to forecast

variance ratios for horizons up to 100 quarters. In Figure 2, the per period variance by horizon is
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Table 5: Predictive regression for vulnerable and non-vulnerable returns

Panel A: Data (uninformative prior) - Agnostic
Intercept py — d; Tft AT,

Ty 41 0.130 -0.023  -0.136 -0.042
0.068 0.014 1.306 0.117
T, t+1 0.140 -0.027  0.300 0.136
0.076 0.015 1.443 0.131

Panel B: LRR-T prior - Dogmatic
Intercept py — d; Trt AT,

T t4+1 0.307 -0.066  3.108 -0.076
0.144 0.033 1.188 0.186
Tro,t+1 0.137 -0.029  1.926 -0.034
0.132 0.030 1.092 0.171

Panel C: Data with LRR-T prior - Bayesian
Intercept pr — d; Tt AT,

T, t+1 0.071 -0.011  0.981 -0.046
0.033 0.007  0.523 0.066
Thv t+1 0.063 -0.012  1.062 0.080
0.035 0.007  0.552 0.070

This table shows the posterior means of the parameter estimates of the predictive regression for (non-)
vulnerable portfolio returns on the market log price-dividend ratio, the risk-free return and temperature
change. Posterior standard deviations are reported below the coefficients. Panel A reports the coefficients
for the agnostic investor, based on uninformative priors. Panel B reports the coefficients for the climate risk
believer, based on the baseline LRR-T prior. Panel C reports the coefficients for the Bayesian investor that
combines data with the baseline LRR-T prior. The regressions are based on a quarterly sample from 1947Q1
to 2019Q4.
given for the agnostic (data-based), dogmatic (LRR-T based), and Bayesian (LRR-T combined with
data) investors. Within a few quarters, the variance ratios quickly diverge. This result is mainly
driven by the strong difference in mean reversion in the data and the LRR-T prior. Uncertainty
about future expected returns is similar for both investors.

In the data, we find extremely strong mean reversion, which is also visible in, among others,
Barberis (2000) and Siegel (2008). Therefore, long-horizon variance ratios are only a fraction of
the short-term variance ratios in the data. Intuitively, current low (high) returns are offset by

future high (low) returns, because of predictability in returns in the data combined with negative

correlation between current and future returns. In the LRR-T model, however, there is significantly
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less mean reversion. Intuitively, mean reversion decreases because current low returns caused by
climate-induced disasters are followed by future low returns caused by even more disasters. This
effect is driven by the fact that disasters occur in clusters, in periods with high temperature levels.
Therefore, the negative correlation between current and future returns that is needed for mean
reversion is much weaker than in the data.

Combining historical data with the LRR-T prior, we find that the variance ratio for the Bayesian
investor decreases slightly with the horizon. We find that the predictive mean reversion of the
Bayesian LRR-T investor is smaller than that of both the LRR-T prior and the historical data.
This is an observation Avramov, Cederburg, and Lucivjanska (2018) also report for the Bayesian
LRR investor, for which we do not have an explanation.

Another important aspect of portfolio choice over the horizon is the correlation between the
assets in the optimization. When the risk-free return is highly correlated with risky portfolio
returns, this pushes the investor towards the risky asset because there are smaller diversification
benefits from buying the risk-free asset. Similarly, when the vulnerable and non-vulnerable returns
are highly correlated, investors are pushed towards the portfolio with the best combination of risk
and return.

Figure 3 shows these correlations for different investment horizons. In the short run, risk-free
returns are hardly correlated with returns of risky portfolios (neither with the market, nor with
vulnerable or non-vulnerable portfolios). In the long run, however, the correlation between the
risk-free returns and the market returns becomes positive for every investor, with higher returns
implied by the LRR-T model. For the vulnerable and non-vulnerable portfolios, the risk-free return
is hardly correlated with the risky returns in the data. These observed correlations all correspond
nicely with the estimated coefficients from risky return on the risk-free return in the predictive
regressions from Tables 4 and 5. Positive (negative) loadings in those regressions imply more
positive (negative) correlations with the risk-free return over the horizon. The correlation between
the returns of the vulnerable and non-vulnerable portfolios is relatively high, but decreasing by

horizon for both the data-based and Bayesian investors.
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Figure 2: Predictive variance ratios and its components by horizon.
This figure shows the predictive variance ratio (top left) and the underlying components related to mean
reversion (top right) and uncertainty about future expected returns (bottom left). The variance ratios of
the Bayesian investor (LRR-T+Data) are based on the VAR from panel C of Table 4, combining the views
of the agnostic investor (Data) and climate risk believer (LRR-T) from panels A and B of Table 4. Variance
ratios are observed for investment horizons from 1 to 100 quarters.

4.3 Optimal portfolio choice

We have now documented three key results. First, as illustrated in Figure 1, the LRR-T risk-
premium for the market increases after the occurrence of disasters, because the risk-free rate is
persistently lower while the impact on market returns is transitory. Thus, the future expected risk
premium is larger in the LRR-T model. Second, Figure 2 shows that variance over the horizon
is affected significantly when climate change is taken into account through the LRR-T model.
Specifically, the per period variance of market returns increases increases by horizon for climate
risk believers (LRR-T investors), while it decreases for agnostic investor who base their analysis on

historical data. Third, correlations between returns on the risk-free asset and the market increase
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Figure 3: Predictive correlations by horizon.

This figure shows the predictive correlations between the market portfolio and the risk-free asset (top left),
the vulnerable and non-vulnerable portfolios (top right) and the (non-)vulnerable portfolio and the risk-free
asset (bottom). The correlations of the Bayesian investor (LRR-T+Data) are based on the forecasts from the
predictive regressions in panel C of Tables 4 and 5, combining the views of the agnostic investor (Data) and
climate risk believer (LRR-T) from panels A and B of Tables 4 and 5. Predictive correlations are observed
for investment horizons from 1 to 100 quarters.

by horizon, both in the data and in the LRR-T model. At the same time, correlations between
risky assets decrease by horizon. These results each have implications for portfolio choice, as we
discuss in this section.

First, we analyze a long-only investor that can invest in the market portfolio and a risk-free asset.
The top panel of Figure 4 shows the optimal allocation to equities for the agnostic, dogmatic, and
Bayesian investors. The optimal weight in equities increases quickly with the investment horizon
for the agnostic investor, because there is very strong mean reversion in the related predictive

VAR as documented by Barberis (2000) and Siegel (2008). Dogmatic investors that invest based

on LRR-T implications have higher weights to equities than the agnostic investor for horizons of
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Equity Allocation by Investor Type
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Figure 4: Optimal weight to equities by horizon for different investor types and climate
scenarios.
This figure shows the optimal weight to equities for an investor with risk aversion parameter A=5, based on
predictive returns and variances from the VAR models in Table 4 for the agnostic investor (Data), climate
risk believer (LRR-T) and Bayesian investor (LRR-T+Data). We optimize the weight to equities with the
risk-free asset as alternative investment for investment horizons from 1 to 100 quarters. In the top panel,
results are from the baseline LRR-T model. The bottom panel shows the results from the Bayesian investor
with alternative (baseline, moderate and severe) climate scenarios. We do not allow for short selling.
up to roughly 25 quarters, with the opposite result for longer investments horizons. In the short
run, the increase in the future risk premium implied by LRR-T outweighs the increased variance
from decreased mean reversion. In the long run, dogmatic investors deal with constantly increasing
variance ratios over the investment horizon, resulting in lower allocations to equities.

The Bayesian investor shows continually increasing optimal weights to equities for all horizons.
These results correspond to the continues decrease in variance ratios documented in Figure 2.

However, the increase in optimal allocation to equities is stronger than would be expected from the

relatively minor decrease in variance ratios alone. There are two other effects that push this investor
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towards the market. First, the risk-free rate has significant reinvestment risk over longer horizons,
because disasters result in persistent decreases in risk-free returns. Second, the correlation between
the risk-free returns and market returns are strongly positive at longer horizons, as documented in
Figure 3.

Now that we have discussed the optimal portfolios for different investor types, we assess the
impact of alternative climate change scenarios on our results. The bottom panel of Figure 4 reports
the optimal allocation to equities for Bayesian investors taking into account the three different
climate scenarios in the LRR-T priors shown in the calibration in Table 1. For long investment
horizons, more severe climate change implies higher predictive variances that are not offset by
increased risk premia and therefore lead to lower allocations to equities. We find that different
climate scenarios do not impact short-term portfolio choice, because in each of these different
LRR-T calibrations disasters are not expected in the short run. This highlights that taking climate
change into account in strategic asset allocation decisions is particularly important for long-term
investors such as pension funds.

Finally, we are interested in investors that allow for cross-sectional differences in long-horizon
portfolio choice by including portfolios that are either vulnerable or non-vulnerable to temperature
change in their investment universe. Figure 5 shows the optimal allocations for an investor that
combines these investments with the risk-free asset. The most striking result in this figure is the fact
that it is never optimal for a long-only investor to invest in the non-vulnerable portfolio, independent
of the views of the investor. Both in the data and the LRR-T prior, the expected returns for the
vulnerable assets are significantly higher than those for the non-vulnerable assets. Combined with
the high correlation between the vulnerable and non-vulnerable portfolios documented in Figure 3,
investors are pushed towards the vulnerable portfolio. Next to this, the implied allocation to the
risky portfolio is similar as to the market in the dogmatic LRR-T prior. In the data, the vulnerable

portfolio has less mean reversion, which results in smaller risky allocations in the long run.
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Figure 5: Portfolio choice with vulnerable and non-vulnerable portfolios by horizon.
This figure shows the optimal weight to the risk-free asset, non-vulnerable, and vulnerable portfolios for an
investor with risk aversion parameter A=5, based on predictive returns and variances from the regression
models in Tables 4 and 5. Results are shown for the agnostic investor (Data), climate risk believer (LRR-
T) and Bayesian investor (LRR-T+Data). We optimize portfolios for investment horizons from 1 to 100
quarters. We do not allow for short selling.

5 Conclusion

We propose a novel approach for measuring the impact of climate change on long-term equity
risk and optimal portfolio choice. We characterize the long-horizon dynamics of equity returns by
specifying a VAR model that includes temperature change as a predictor. Because historical data

may not be very informative about the impact of climate change on future stock market returns,



we estimate the parameters of the VAR using a Bayesian approach that complements historical
data with prior information derived from economic theory. Specifically, we elicit prior beliefs from
the temperature long-run risk (LRR-T) model of Bansal, Kiku, and Ochoa (2019).

We document four key findings. First, an investor with LRR-T beliefs perceives stock markets to
be riskier over longer horizons because disasters induced by climate change reduce mean reversion in
returns. Mean reversion decreases because climate disasters tend to cluster in periods with relatively
high temperature levels. In other words, current disasters with an adverse impact on market returns
are often quickly followed by new disasters, increasing the correlation between current and future
returns. Second, the investor with LRR-T beliefs expects the market risk premium to increase
after a climate disaster occurs. In particular, whereas disasters cause a persistent negative shock to
risk-free rates, the negative impact on expected market returns is transitory because prices rapidly
adjust after a disaster strikes.

Third, we show that for investors with a horizon longer than 25 quarters, the optimal allocation
to equity decreases when accounting for climate change because the increase in perceived riskiness
of stocks outweighs the increase in the market risk premium. In contrast, for short-term investors
the increase in market risk premium is sufficiently large to increase the optimal allocation to equity
relative to an investor with uninformative beliefs about the effect of climate change on returns.
Finally, we document that the risk premium for portfolios vulnerable to temperature innovations
is sufficiently large in both the data and the LRR-T beliefs that the long-only optimal allocation

to portfolios that are non-vulnerable to temperature innovations are zero for all horizons.
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A Appendix

A.1 Solution to the temperature long-run risk model

The price-consumption ratio follows z; = Ag + A1T; + A X; + Agaf, where

0(1 — k) Az = 0.5(1 — v + k1 A1 xO)?,

0(1 = kip)A2 = (1 = 7)p,
(1 -+ elﬁ)lAg)d
2

9(1 — Hlyg)Al = (1 -7+ 9/4)1A2)d (1 + > M AL,

1
(1 — Hl)Ao =logd + ko + <1 — @ + I€1A1X@) te + K1 ALY e

+ Kll(l — I/)A35‘2 + 0.59((H1A1X)20'2 + (H1A3)20‘3})

1 1-—
+ <1 TR /<,1A2) d <1 + (1-n +29K1A2)d> At)o.

The price-dividend ratio for portfolio ¢ (either the market (m), or the (non-)vulnerable portfolio (v

or nv)) equals z;; = Ag; + ATy + Ag; Xy + As 07, where

(1 —k1v) A3 = 0.5(((0 — 1) k1 A1 + K1:41,)XO + g — 7)?
+0.50% 4 (8 — 1)(k1v — 1) As,

(1 = £1,ip)Azi = (0 — 1)(k1p — 1) A2 + dip — p,

(1 —kryve)Ar; = (0 — 1) (k1ve — 1)A1 + Cn(1 4+ 0.5CN) A AL,

(1 —K1i)Ag; = 0logd + (0 — 1)ko + Ko, + (0 — 1)(k1 — 1) Ao + pg (13)

+ (((0 = 1)k1 A1 + £1,iA1,:)XO — Ve + (0 — 1)r1A1 + K13 A1) XMe
+ Cn (14 0.5CN)NoAt + (6 — 1)k1 A3 + K1, A43,) (1 — )52
+0.5(((0 — 1)r1 Az + r1,43,) %02 + ((0 — 1)k Ay + /{LiAl’i)QxQJg),

Cn = ((0 —1)k1As+ K1A2; + ¢y — 7)d.
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The approximation constants kg ;) and ;) are defined as

Ko(,i) = log(1 +exp(Z())) — K1(,i)Z()

P exp(Z(;)) (14)
168 = 1+ eXp(E(i))7

where Z(;) is the mean of the wealth-consumption ratio z; or price-dividend ratio of portfolio 4,

2. We solve the mean of these ratios by numerically (through iteration) solving the fixed point

problem
2o = Aoty + Avo Te + Az Xi + Asi) 07
= 1
ZTt ) + Ao <E0
t=1 "

where the expected averages T; and X; over the sample from period t = 1 to t = n are given as

, (15)
= Aoi) + A1) EEO

n
S
t=1

) + Az(y0i,

1e Zn:T _(To (e +Op0) | (ve— v L x(pe + O
n 0 — t n n(l—ve) 1—u, 1—v.
1 - 1 -
b ZXt] == (—XO +ZE0[Xt]>
" t=1 n =0 (16)
X0 <ppn+1> 1 <dAt)\0 dAt\ X(Ma+@uc)> ( pp"+1>
=20 (L ) 4= + o
n 1—p n\1l-—p 1—p 1—v 1—p
1 dAt) T X(pe +Op)\ (1—=vitt 1 prtt
nv, 1_(/)) 0 1—v,. 1—v, 1—p )~

The sample used in our regressions starts in 1947Q1 and runs until 2019Q4, 292 observations
of quarterly data. For our simulations, we construct a similar sample. Therefore, we simulate
n = 939 months of data, resulting in a sample of 292 quarters after we drop the first five years of

our simulation to make the first difference of the five-year MA of temperatures and the last three

months because of a lead in the risk-free yields.
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A.2 Adjustments to the LRR-T model

The LRR-T model presented in Section 3.1 deviates from the LRR-T model of Bansal, Kiku, and
Ochoa (2019) in several ways.

First, in Equation (8), the dividend growth process allows for different loadings on the different
shocks in the model and we let volatility vary over time. Both adjustments increase the flexibility
of the model and are generally implemented in recent versions of LRR model (among others,
in Bansal, Kiku, and Yaron (2012)). We allow for portfolio-specific disasters impact through a
portfolio-specific ¢;.

Second, in Equation (9), we include a persistence p < 1 of the economic impact of disasters X,
instead of p = 1. We believe that it is reasonable that climate-related disasters have a persistent
impact on consumption and dividend growth, but that impact should not be indefinite. In the
same equation, we let the increments of the disaster process (AN) be Poisson distributed, instead
of the whole process N. With this adjustment, we make the current disaster intensity dependent
on recent temperature levels, instead of on the historical path of temperature growth.

Third, in Equation (10), the atmospheric carbon concentration includes a separate trend ..
This trend is used to generate the different climate scenarios in our analysis.

Finally, in Equation (11), we assume that the log wealth-consumption ratio z; and the log price-
dividend ratio z;,, also depend on the economic disaster impact X; and time-varying variance Jf.
The inclusion of ¢ follows the inclusion of time-varying volatility in Equation (8). We believe
that the the inclusion of economic disaster impact X; in the processes for z; and z , is intuitively
reasonable. When temperatures increase, z; and z;,, should decrease as prices decrease to adjust
for expected future disasters. Without sufficient precautionary savings, these ratios should also be

affected when disasters occur, because these disasters should have significant cashflow impact.
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A.3 Posterior VAR distributions

We follow Avramov, Cederburg, and Lucivjanska (2018) and estimate the VAR model in Equation

(1) as
Tmt+1 1
Pit1 — dig1 Dt — Pd
=’ + €141, €ty1 ~ N(O, E). (17)
Tft Tfi—1
ATipr | | AT, ]

where C' is the VAR coefficients matrix and X is the variance-covariance matrix of the residuals. As
shown in the Appendix of Avramov, Cederburg, and Lucivjanska (2018), the posterior distribution
of the VAR parameters with the model-based prior conditional on the observed data for periods

1,...,t, Dy, and the asset pricing model parameters O, is given by

S| Dy, O ~ IW (war + wp)NE(Onr), (war +wp)N — 4),

(18)
C|%,D,0ny ~N(COun), L (wyNIE, +wpX' X)),
in which
2(Ou) ! [(wy NT? 4+ wpY'Y)
y = — (W w
M (wnr - wn)N MINL, D
— (WM NTE, + wpY' X) (wy NTh, +wpX'X) Hwy NTE, +wpX'Y)], (19)

C(On) = (WuNTh, + wpX'X) Hwy N, +wpX'Y),

N is the number of observations in our sample (292 quarters), and I';,, I';,, and I'j, are the

population moments from the asset pricing models in Section 3.1, conditional on the model pa-
rameters ©), as introduced in the Appendix of Avramov, Cederburg, and Lucivjanska (2018).

Finally, M;"fw - and wwfwa are the weight given to the model-based prior and the historical data,

respectively. For the Bayesian investor, we set equal weights to the informative prior and histor-
ical data by setting wy; = wp = 1. For the agnostic investor we specify wy; = 0 and wp = 1,
and Equation (18) then equals the posterior of the analysis on historical data with a multivariate

Jeffreys uninformative prior. For the climate change believer we specify wy; = 1 and wp = 0, and
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Equation (18) then equals the prior distribution solely based on an asset pricing model.

A.4 Numerical optimal asset allocation

We numerically solve the optimal asset allocation for our buy-and-hold long-only investor following
the methodology from, among others, Barberis (2000). This appendix explains our methodology.

We closely follow a similar explanation in the appendix from Diris (2014) in this section.

Sampling from the predictive distribution

We sample N = 250,000 paths of length K = 100 quarters from the predictive distribution of the

asset returns and state variables in our VAR model. We repeat the following two steps N times:

1. For k£ in 1,..., K, Sample the returns and state variables in period k conditional on the
posterior mean VAR parameters (a, B, Y) and the predictor variable values in k —1. We start

forecasting from the last observed value of our predictor variables in the data at period k = 1.

2. Re-sample the asset returns and predictor variables in period k¥ when we draw a quarterly
return for the risk-free asset below —10%. This step is needed to avoid minus infinity utility,
as an investor can never go bankrupt as long as it invests in the risk-free asset with this

restriction. In practice, re-sampling is hardly ever required.

Calculation of buy-and-hold portfolio

Based on the N return forecasts from above we now follow the steps below to compute the optimal

investment portfolio.

1. Make a grid of portfolio weights. We invest long only, i.e. weights are between zero and one,

and use steps of 0.01 for our grid search. Then, for each weight in the grid:
2. Take a set of weights and calculate realized utility for each simulated path.

3. Approximate expected utility with the mean of these N realized utilities.

For each horizon k = 1,..., K, we choose the optimal vector of weights as the one that results in

the largest expected utility from 3.
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