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Abstract

In this paper, we first utilize a Dynamic Factor Model with Stochastic Volatility
(DFM-SV) to filter out the national factor from the local components of weekly
state-level economic conditions indexes of the United States (US) over the period of
April 1987 to August 2021. In the second step, we forecast the state-level factors
in a panel data set-up based on the information content of corresponding state-level
climate risks, as proxied by changes in temperature and its SV. The forecasting
experiment depicts statistically significant evidence of out-of-sample predictability
over a one-month- to one-year-ahead horizon, with stronger forecasting gains derived
for states that do not believe that climate change is happening and are Republican.
We also find evidence of national climate risks in accurately forecasting the national
factor of economic conditions. Our analyses have important policy implications from

a regional perspective.
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1. Introduction

In light of the growing concern of global warming, recent studies have indicated the
importance of local risks associated with climate change, as captured by both first- and
second moments of temperature changes, in driving state-level economic activities of the
United States (US) (see for example, Colacito et al. (2019), and Sheng et al. (2022a)).
Theoretically heightened climate risks is likely to adversely impact economic activity not
only through labour productivity and capital quality, but also through the patent obso-
lescence channel, which in turn, dampens research and development (R&D) expenditure
growth (Donadelli et al., 2017, 2021a, b, 2022). In other words, climate risks can negatively
impact the economy from both the demand- and supply-sides. Moreover, with such risks
also shown to be associated with enhancing regional economic uncertainties (Sheng et al.,
2022b), there is likely to be an impact on economic activities of the states through the
uncertainty channel as well (Mumtaz, 2018; Mumtaz et al., 2018).

Against this backdrop, our objective is to extend the in-sample based analyses of the
impact of temperature changes and its volatility on state-level economic activity into an out-
of-sample set-up. This is in light of the well-accepted statistical view that forecasting tends
to provide a relatively stronger test of predictability than full-sample analyses (Campbell,
2008). More importantly, accurate forecasting of state-level economic activity based on
climate risks is likely to be of more important to policymakers in undertaking appropriate
policy decisions in real-time compared to outcomes derived from structural analyses. In
addition, unlike the existing studies on the impact of climate change on annual and monthly
metrics of state-level economic activity, we predict a measure of economic conditions at
the weekly frequency, which in turn is the highest possible frequency available for such
indicators, as developed by Baumeister et al. (2022). Again, such high-frequency forecasting
should be of more value to policy authorities. Finally, we go beyond looking at annual
gross state product or monthly coincident indicators of the states (which involves nonfarm
payroll employment, the unemployment rate, average hours worked in manufacturing and
wages and salaries) by utilizing Baumeister et al.’s (2022) novel dataset of weekly economic-
conditions indexes for the 50 US states that cover multiple dimensions the state economies.
The dimensions covered are the following: Mobility measures, labor market indicators, real

economic activity, expectations measures, financial indicators, and household indicators.



This is important, since the impact of climate change is not only restricted to the real side
of the economy (Giglio et al., 2021).

To achieve our goal econometrically, we undertake a two-step approach. First realizing
the evidence that exists in terms of the importance of a common (national) factor in ex-
plaining large proportion of the total variability in state-level economic conditions (Gupta
et al., 2018), we first estimate a Dynamic Factor Model with Stochastic Volatility (DFM-
SV), as in Bhatt et al. (2017), on the state-level weekly economic-conditions indexes of the
states. The DFM-SV allows us to separate out the influence of the national factor, and
we then forecast the local or state factors, which in turn avoids us from underestimating
the predictive effect of state-level climate risks on state-level economic conditions. In the
second step, in terms of forecasting the local factors, we utilize a panel predictive regression
framework to determine the importance of temperature changes and its volatility over the
weekly period of April, 1987 to August, 2021. Note that, in a time series set-up, we also
forecast the national factor utilizing the aggregate US temperature changes and volatility,
i.e., national climate risks. Finally, we investigate how the predictive power of temperature-
related variables for economic conditions changes across different characteristics of different
states, such as political party affiliation (Democrats versus Republicans) and belief about
climate change (happening versus not happening).

To the best of our knowledge, this is the first paper to forecast state-level economic
conditions due to state-level climate risks, especially in light of the dissimilarity in terms of
underlying time series properties of temperature for the overall US from those of the states
(Gil-Alana, forthcoming). The remainder of the paper is organized as follows: In Section
2, we introduce our data. In Section 3, we explain the methods utilized in our empirical

study. In Section 4, we present our empirical findings. In Section 6, we conclude.

2. Data

The economic-conditions indexes (ECIs) of the 50 US states, on which we apply the
DFM-SV, are based on the work of Baumeister et al. (2022). These authors derive the
indexes from mixed-frequency dynamic factor models with weekly, monthly, and quarterly
variables that cover multiple dimensions of the aggregate and the state economies. Specifi-

cally, Baumeister et al. (2022) group variables into six broad categories: mobility measures,



labor market indicators, real economic activity, expectations measures, financial indicators,
and household indicators. Table 1 in their paper summarize the state-level data that they
use in the construction of the weekly ECIs, and also include information on the data fre-
quency, data source, data transformation, seasonal adjustment, and the start date of each
series. The indexes are scaled to 4-quarter growth rates of US real GDP and normalized
such that a value of zero indicates national long-run growth. As far as the predictors, i.e.,
national and state-level climate risks data are concerned, weekly data on temperature in
degree Fahrenheit are obtained from Bloomberg. We then compute year-on-year changes in
the weekly temperature to remove seasonal patterns. As far as volatility is concerned, we
estimate a SV model on the year-on-year changes in the weekly temperature to be consistent
with the modelling of volatility using a SV approach in the DFM.

Based on data availability, we cover the period of 1st week of April, 1987 to the 4th
week of August, 2021.

3. Methodology

3.1. Dynamac factor model with stochastic volatility

Our dynamic factor model with stochastic volatility follows Del Negro and Otrok (2008)
and Bhatt et al. (2017) and decomposes each economic conditions index to a common

national factor and a idiosyncratic factor as follows:
Yit = Nigt + Uig, (1)

where y; ; is the economic conditions index for i-th state at time period t; g; is the common

factor which captures the comovement of the economic conditions indexes of the different

states; A; is the corresponding factor loading, and; w;; is the idiosyncratic state factor.
We assume both the common factor and the idiosyncratic factor follows AR(2) processes

with stochastic volatility as described below:

gt = B1gi—1 + Bagi—2 + \/exp hies, e ~ i.i.d.N(0,Qy), (2)
Uit = Oéiluz',t—l + agui,t—2 + 4/ exp héefé, ei ~ i-i-d-N(Q Qi)- (3)



To deal with the stochastic volatilities, we assume random walk processes given by:
h{ = hi_ | + ojv],v] ~i.i,dN(0,1). (4)

hi = h! | +ohvl, vl ~ii,dN(0,1). (5)

Following Del Negro and Otrok (2008), we assume the initial value of the stochastic volatil-

ities to be equal to 0.

3.2. Out-of-sample forecasting using a predictive panel data model

We employ a panel predictive regression model to investigate the importance of tem-
perature changes and its volatility for forecasting the state level local factors obtained via
utilizing of DFM-SV model. In particular, we utilize the following predictive panel data
model:

Ujrrn = « + Stempy + dtempsvi + €44 p (6)

where temp;; represent the year-on-year changes in the weekly temperature in state ¢ at time
t. Similarly, tempsv;; denotes the temperature volatility computed using the SV model on
the year-on-year changes in the weekly temperature. wu;;:1p is the idiosyncratic state factor
for given state 7 at time t. estimated in Section 3.1. We consider six different forecast
horizons: h = 4, §, 12, 24, 36, 52-weeks-ahead.

To investigate the separate roles of temperature changes and temperature volatility,
we also run univariate predictive regressions using either temp; or tempsv; as the sole
predictor. This allows us to compare the individual contributions of each predictor and
their combined effect in the multivariate predictive regression model.

When evaluating the forecast accuracy, we compare the root mean square forecast error
(RMSE) of the panel data model predictions with a “naive" forecast where the last observa-
tion of the in-sample period is used as a direct forecast for the out-of-sample observations.
We utilize the 25% of the sample period to evaluate out-of-sample forecast performance,
giving us 449-h weekly observations. In particular, we estimate the model parameters using
75% of the sample and then use the resulting parameters to predict the idiosyncratic state

factors recursively.



4. Empirical results

Figure 1 shows the estimated national factor with 90 percent confidence bands. The
shaded areas are NBER recession periods. During recessions, the national factor decreases
dramatically, especially during the COVID-19 episode. Figure 2 shows the estimated state
factors with 90 percent confidence bands, and is indicative of their dissimilarities. Table 1
shows the average percentage contribution of the national factor for the economic conditions
of the different states, which in turn ranges between 9.43% (Alaska) and 87.84% (Kentucky).
As far as the cross-sectional average is concerned, this value is at 61.01%, highlighting the
importance of the national factor, and the need to filter it out from the economic conditions

of the states, before forecasting the local factor due to information contained in climate risks.
— Insert Figures 1 and 2 about here. —
— Insert Table 1 about here. —

Table 2 summarizes the out-of-sample forecast results compared to the naive predic-
tions, where each entry denotes the ratio of RMSE of the panel data model to the RMSE
of the naive forecasts. A closer inspection of the first row of Table 2 indicates that all the
entries at h = 4, 8, 12, 24, 36, and 52, are smaller than one, implying that the panel predic-
tive regression augmented with the temperature changes and its volatility yields superior
forecasting performance compared to the naive benchmark model. However, the accuracy
gains from utilizing the temperature-related variables decrease with the forecast horizon,
which is in line with observations drawn generally with forecasting exercises involving pre-
dictors, i.e., the predictive influence of the climate risks variables (in our case) declines
for economic conditions as we move from short- to long-run. For instance, the average
the RMSE of the panel data predictions is 9% lower than those associated with the naive
benchmark forecasts for a one-month-ahead forecast horizon, which falls to 5% a year out.
More importantly, significant M SE-F statistics of McCracken (2007) in Table 2, suited for
nested models, indicate that predictions of the panel data model are statistically superior
to those of the naive model at the 1% level for h — 4, 8, 12, 24, and 36, and at the 5%
level for h = 52. In other words, temperature changes and its volatility contain valuable

information for predicting the future path of the idiosyncratic state factor.



— Insert Table 2 about here. —

Several studies investigate whether variations in perceptions regarding the impacts of
climate change influence residential real estate values (Baldauf et al., 2020; Bakkensen and
Barrage, 2022). Borrowing from these studies, and given the importance of housing price
movements for shaping state-level economic activities (Emirmahmuroglu et al., 2016),% we
examine whether the predictive power of temperature-related variables for idiosyncratic
state factors reflects the belief differences about climate change. We use the Yale Climate
Opinion Maps 2021 survey to measure the beliefs about climate change. In particular, we
focus on the answers to the survey question: “Do you believe that climate change is hap-
pening?". We classify the states into two groups (happening versus not happening) based
on the median value of the fraction of the population in a state adopting a climate change
belief. Results in Table 2 show that the predictive power of temperature-related variables
is relatively more substantial in states where a lower fraction of the population believes cli-
mate change is happening (i.e., under the not happening case). This conclusion holds for all
forecast horizons since temperature-related variables consistently yield considerably higher
forecast improvement than naive forecasts in the so-called non-believer states, possibly due
to corresponding lack of action to mitigate climate risks. But, under both the happening
and not happening cases, the M SFE — F statistics are always statistically significant at least
at the 5% level for all the forecast horizons considered by us.

According to a Gallup survey in 2018, 89% of Democrats think that global warming is
caused by human activity, whereas just 42% of Republicans had the same belief. In other
words, Republicans are less inclined than Democrats to believe in climate change. Hence,
using the outcomes of the last five general elections in the US, we divide the states into
two groups: Democrats vs. Republicans. Then, we examine whether the political affiliation
of the states affect the predictive power of temperature-related variables on the economic
conditions of the states, i.e., the idiosyncratic local factors. Our findings in Table 2 imply
that the temperature-related variables provide relatively better forecasts in states governed

by Republicans across all forecast horizons, with the MSE — F test being statistically

ZNote that, state-level (quarterly) real home price index is included under the data category of
households in the construction of the ECIs.



significant at the 1% level consistently. As far as the Democratic states are concerned,
the MSE — F test is also significant at least at the 5% level under the various forecasting
horizons. The likely reason, in line withe the happening versus non happening case reported
above, is that Democrats are more likely than Republicans to support government actions
to mitigate the effect of climate change on economic activity, and hence feel lesser impact
of climate risks on the underlying economic conditions of the states.

Our results shows that the multivariate model, which includes both temperature changes
and temperature volatility, outperforms the univariate models in most of the forecast hori-
zons and groups. This can be attributed to the fact that combining these two factors pro-
vides a more comprehensive representation of the temperature-related variables and their
potential impacts on state-level idiosyncratic factors. By accounting for both the level and
uncertainty of temperature changes, the multivariate model is better equipped to capture
the complex interactions between climate variables and state-level economic conditions.

When comparing the individual roles of temperature changes and temperature volatility,
we find that temperature volatility generally leads to better forecast performance than
temperature changes alone. This can be explained by the fact that volatility captures the
uncertainty and fluctuations in temperature, which may have a more significant impact on
economic activities and decision-making processes. In uncertain and volatile conditions,
individuals and businesses may be more cautious and adaptive in their actions, leading to
a stronger relationship between temperature volatility and the idiosyncratic state factors.

However, an exception to this trend is observed in the "happening" group, where states
have a higher fraction of the population believing in climate change. In these states, the
growth in temperature alone appears to be sufficient in affecting people’s perceptions and
decision-making processes. This could be because the population in these states is al-
ready more aware of and concerned about the impacts of climate change. Consequently,
they might be more sensitive to changes in temperature and more likely to take action in
response to these changes. As a result, the inclusion of temperature volatility does not
provide significant additional predictive power in these states, as the population is already
responsive to temperature changes alone.

Finally, replacing the idiosyncratic factor with the national factor in equation (6), we

also forecast the same using the aggregate US temperature changes and its volatility, i.e.,



with national climate risks. We present the time series regression results in the last row of
Table 2 as well, which in turn, demonstrates that temperature-related variables statistically
improves the forecast performance at the 1% level of the M SE — F test (with the accuracy
gains being stable across different forecast horizons).

In Table A1l of the appendix, we present a comparison of the magnitude of the regres-
sion coefficients for different groups and horizons. We calculate these values by running a
panel fixed effects regression model on full sample and then taking the absolute value of the
coefficients and summing them. This analysis provide insights into the relative differences
between the groups. From the table, we can observe that the magnitude of the coeffi-
cients is generally larger in the "Happening" and "Republicans" groups compared to the
"Not happening" and "Democrats" groups, respectively. The coefficients tend to increase
with longer forecast horizons, suggesting that the impact of temperature-related variables
becomes more pronounced as we extend our forecast period.

Moreover, the economic significance of the differences in forecasting gains can be fur-
ther assessed by examining their potential implications on decision-making in various sectors
that are sensitive to climate-related risks. In states where fewer people believe in climate
change or where there is a higher proportion of Republican supporters, the more substan-
tial forecasting gains observed in our analysis can lead to a range of benefits. For instance,
improved forecasting accuracy in these states could enable more efficient resource alloca-
tion and risk management in industries such as agriculture, energy, and insurance. In the
agricultural sector, farmers can use reliable forecasts to determine the most appropriate
planting schedules, select suitable crop varieties, and adapt their irrigation strategies to
changing weather patterns. This can help maximize crop yields, reduce the risk of crop
failures, and enhance overall agricultural productivity. Similarly, energy companies can
leverage accurate forecasts to optimize their production, distribution, and storage strate-
gies in response to fluctuations in temperature and weather conditions. This can lead to
more efficient energy utilization, reduced costs, and minimized disruptions in the energy
supply chain. Moreover, insurance companies can rely on improved forecasts to accurately
price weather-related insurance products, such as crop insurance or property insurance
which ensures that premiums reflect the actual risks associated with climate-related events,

enabling better risk management and more sustainable insurance markets.



5. Robustness Check: Adding control variables

We extend the multivariate model by incorporating additional control variables, in-
cluding the US economic policy uncertainty index, Goldman Sachs US financial condition
index, MOVE index, S&P 500 index, 10-year US government bond yield, Federal funds
rate, Baltic dry index, and oil prices.?> We then compare the forecast performance of the
temperature changes and temperature volatility model (temp + tempsv) with the model
that includes the mentioned control variables in addition to the temperature-related ones
(temp + tempsv + controls).

We present the results in Table 3. Although the additional control variables capture
various aspects of the economy, the combination of temperature changes and temperature
volatility remains an essential predictor of the idiosyncratic state factors. The strong per-
formance of the temp + tempsv model suggests that the inclusion of the control variables
does not significantly alter the predictive power of the temperature-related factors. This
robustness check, therefore, provides further support for our initial conclusions that the
multivariate model with temperature changes and temperature volatility effectively pre-

dicts state-level economic conditions.

6. Conclusion

This paper examines the role of state-level climate risks, as captured by temperature
changes and its stochastic volatility, in forecasting corresponding state-level economic con-
ditions indexes in a panel data set-up over the weekly period of April 1987 to August 2021.
To prevent an underestimation of the predictive impact in line with the importance of a na-
tional factor in driving local economic conditions, we utilize a DFM-SV model to decompose
the overall economic conditions into a common factor and idiosyncratic state-factors, with
the latter used for forecasting based on climate risks. Our results reveal statistically signif-
icant evidence of out-of-sample predictability of the filtered state-level economic conditions
over a one-month- to one-year-ahead horizon, with more substantial forecasting gains for

states that do not believe climate change is happening and are Republican, possibly due to

3All control variables data are obtained from Bloomberg. To ensure stationarity we apply log
or log differences transformations to the data when necessary.



lower emphasis on the mitigation of climate risks. We also find evidence of national climate
risks in accurately forecasting the national factor of economic conditions.

Our results imply that, while climate change is indeed a national-level problem in defin-
ing the economic conditions of the overall US, state-level climate change-related policies are
required to mitigate the associated risks on local economic conditions, in light of the evi-
dence of accurate forecastability of the latter due to the movements in the first- and second-
moment of local temperature changes. With our analysis conducted at a high-frequency, it
has the advantage of informing the policymakers in a timely manner to undertake appro-
priate policy responses.

As part of future research, though high-frequency analysis is less likely due to data
constraints, a similar out-of-sample forecasting exercise should be conducted at the country-

level involving a panel of developed and emerging economies.
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Figure 1: Estimated National (Common) Factor
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Figure 2: Estimated State-Level (Local) Idiosyncratic Factors
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Table 1: Variance Decomposition of the State-Level Economic Conditions Indexes due to the Na-
tional Factor

State Average Contribution State Average Contribution
Alabama 71.64% Montana 54.71%
Alaska 9.43% Nebraska 55.95%
Arizona 68.79% Nevada 61.39%
Arkansas 72.07% New Hampshire 63.74%
California 53.49% New Jersey 58.97%
Colorado 74.06% New Mexico 41.87%
Connecticut 65.99% New York 58.88%
Delaware 64.12% North Carolina 70.77%
Florida 74.96% North Dakota 14.22%
Georgia 81.18%  Ohio 80.37%
Hawaii 22.11% Oklahoma 58.36%
Idaho 52.84%  Oregon 70.12%
Illinois 76.70% Pennsylvania 79.41%
Indiana 66.34% Rhode Island 46.06%
Towa, 76.75%  South Carolina 71.33%
Kansas 71.06% South Dakota 64.72%
Kentucky 87.84%  Tennessee 75.12%
Louisiana 34.30% Texas 62.47%
Maine 45.72% Utah 51.60%
Maryland 59.00% Vermont 66.05%
Massachusetts 58.85%  Virginia 72.74%
Michigan 70.39%  Washington 57.80%
Minnesota 64.23% West Virginia 45.48%
Mississippi 58.31% Wisconsin 82.03%
Missouri 86.63% Wyoming 19.55%
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Table 2: Out-of-Sample Forecasting Results across Different Horizons (h)

National h=4 h=8 h=12 h=24 h=36 h=52
temp 0.9208***  0.9230***  0.9249** 0.9260** 0.9246** 0.9264**
tempsv 0.9191%** 0.9189***  (0,9185*** (0,9149*** (0.9150%*** (0.9179***
tempsv—+temp 0.9190%*%%  (0.9209***  0.9218***  (.9219***  (0.9200***  (.9227***
All States
temp 0.9114%*%*%  0.9157***  0.9192***  (0.9286***  0.9380***  0.9507***
tempsv 0.9113***  (0.9154***  (0.9188***  (.9282***  (.9376 ***  0.9504***
tempsv—+temp 0.9105*%*%%  0.9147*%*  (0.9186*** 0.9277*** 0.9375*** (0.9496**
Happening
temp 0.9218%%*  0.9268*** 0.9308*** (0.9415**  0.9521**  0.9640**
tempsv 0.9228***  (0.9277***  (.9319** 0.9436** 0.9550** 0.9678%*
tempsv+temp 0.9225***  0.9275%**  0.9316** 0.9428%* 0.9547** 0.9675%*
Not happening
temp 0.9028** 0.9067** 0.9100** 0.9191%* 0.9283***  (0.9424%**
tempsv 0.9023** 0.9058***  0.9088***  0.9174*** 0.9263*** 0.9404***
tempsv-+temp 0.9009***  0.9048*** 0.9086*** (0.9180***  0.9270***  0.9410**
Democrats
temp 0.9192%**  (0.9246***  0.9293***  0.9417***  (0.9542%** 0.9705%*
tempsv 0.9193***  0.9245%**  (0.9290%**  0.9412***  0.9540** 0.9707**
tempsv+temp 0.9188***  (,9245*** (0,9286*** (0.9409*** 0.9536*** (0.9705**
Republicans
temp 0.9056** 0.9091** 0.9118%*%%  (0.9197***  (0.9273***  (.9382**
tempsv 0.9053***  0.9087***  0.9114***  0.9191***  0.9266***  0.9376**
tempsv+temp 0.9048***  0,9077*** 0.9106*** (0.9188*** (0.9265*** (0.9367***

Notes: This table shows the out-of-sample forecasting results from the panel data model including both tem-
perature changes and its stochastic volatility relative to the naive predictions, where each entry denotes the ratio
of the RMSE from the panel data model to the RMSE of the naive forecasts. Hence, entries that are smaller
than one imply that the panel predictive regression augmented with the climate risks variables yield superior
forecasting performance compared to the naive benchmark forecasts. *** and ** denote 1% and 5% levels of
significance of the M SE — F test of McCracken (2007), respectively. The entries yielding the lowest RMSE ratio
are highlighted in bold.
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Table 3: Robustness check: Adding control variables

All states h—4 h=8 h—12 h—24 h—36 h=52

tempsv+-temp 0.9105%%F  0.9147*%*  0.9186*** 0.9277*** 0.9375%** (0.9496**
tempsv+temp—+controls  0.9239%**  (0.9306*** 0.9348** 0.9477** 0.9626** 0.9815*

Notes: This table shows the out-of-sample forecasting results from the panel data model including temperature
related variables and the model that includes both temperature related and control variables relative to the naive
predictions, where each entry denotes the ratio of the RMSE from the panel data model to the RMSE of the naive
forecasts. Hence, entries that are smaller than one imply that the panel predictive regression augmented with
the climate risks variables yield superior forecasting performance compared to the naive benchmark forecasts.
*** and ** denote 1% and 5% levels of significance of the M SE — F test of McCracken (2007), respectively. The
entries yielding the lowest RMSE ratio are highlighted in bold.
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Appendix

Table A1l: Comparison of magnitude of the regression coefficients

Group h=4 h=8 h=12 h=24 h=36 h=52
Not happening 0.192 0.358 0.509 0.983 1.649 2.238
Happening 0.170 0.321 0478 1.144 2.203 3.196
Democrats 0.135 0.249 0.364 0.853 1.714 2.582
Republicans 0.317 0.609 0.892 1.803 2.848 3.585
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