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ABSTRACT

We analyze the impact of uncertainty on the Economic Conditions Index (ECI) of the 50 US states in a panel data set-up, over
the weekly period of the 3rd week of April 1987 to the 4th week of March 2023. Using impulse response functions (IRFs) from a
linear local projections (LP) model, we show that uncertainty, as captured by the stochastic volatility (SV) of the ECIs, negatively

impacts ECI in a statistically significant manner. More importantly, using a nonlinear LP model, the IRFs reveal that the adverse

effect of uncertainty is significantly stronger under the high-regime of climate risks when compared to the low-regime of the
same. Understandably, our results have important policy implications.

JEL Classification: C23, D80, E32, Q54

1 | Introduction

Higher uncertainty, as observed due to the Global Financial
Crisis of 2007-2009, and the outbreak of the COVID-19 pan-
demic in 2020, has been shown to adversely impact the state-
level economic activity of the United States (US; see, for example,
Shoag and Veuger 2016; Mumtaz 2018; Mumtaz et al. 2018;
Baker et al. 2022; Hankins et al. 2022; Elkamhi et al. 2023).
Theoretically, this is because economic uncertainty negatively
affects the aggregate demand of the economy through the tradi-
tional channel associated with the real option theory as outlined
in Bernanke (1983), and more recently, by Bloom (2009, 2014).
This theory suggests that decision-making is affected by un-
certainty because it raises the option value of waiting. In other
words, given that the costs associated with wrong investment
decisions are very high, uncertainty makes firms and, in the
case of durable goods, also consumers more cautious. As a result,
economic agents postpone investment, hiring, and consumption

decisions to periods of lower uncertainty. At the same time, un-
certainty is also expected to have a negative effect on the supply
side of the economy through lower productivity due to the mis-
allocation of factors across firms (Bloom et al. 2018). According
to Bloom et al. (2018), unproductive firms contract and produc-
tive firms expand during normal times, which, in turn, helps
to maintain high levels of aggregate productivity. But when un-
certainty is high, firms reduce expansion and contraction, thus
shutting off much of this productivity-enhancing reallocation,
which ultimately manifests itself as a fall in measured aggregate
total factor productivity and economic activity.

We aim to add to this literature on the regional effects of un-
certainty in the US from multiple perspectives. First, unlike
the existing studies on the impact of uncertainty on singular
metrics of state-level real economic activity, such as personal
income, real Gross Domestic Product (GDP), or unemploy-
ment, we analyze a broad measure of economic conditions
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as developed by Baumeister et al. (2024). These Economic
Conditions Indexes (ECIs) cover multiple dimensions of the
state economies involving indicators of mobility, labor mar-
ket, real economic activity, expectations, financial conditions,
and household spending. This is important since the impact
of uncertainty is not only restricted to the real side of the
economy (Jurado et al. 2015; Ludvigson et al. 2021; van Eyden
et al. 2022). Second, different from the above-mentioned re-
gional studies on the uncertainty-economic activity nexus
conducted at monthly, quarterly, or annual frequencies, and at
times even without time variation, we investigate the effect on
the ECI at the weekly level, which, in turn, is the highest pos-
sible frequency available for such indicators. Understandably,
a high-frequency analysis of state economic conditions con-
tingent on movements in uncertainty, with the latter captured
by the corresponding stochastic volatility of the ECI, is likely
to be of more importance to policymakers in undertaking
appropriate policy decisions in a timely fashion when com-
pared to results based on low-frequency structural analyses.
Finally, again for the first time, realizing that climate change
is one of the most defining challenges of our time by posing
a large multi-dimensional aggregate risk to the macroecon-
omy and financial markets (Giglio et al. 2021; Stroebel and
Wurgler 2021; van Benthem et al. 2022), we test a hypothesis
that the effect of uncertainty on the ECI across the US states
should be contingent on the level of extreme weather-related
risks. In particular, while the notion that economic vulner-
ability is heightened during periods of significant weather
stress is intuitively plausible, the magnitude, dynamic trajec-
tory, and statistical robustness of this amplification effect re-
main open empirical questions. Our primary contribution is
to provide the first high-frequency, quantitative evidence of
this effect, testing that the negative effect of uncertainty on
the ECI is expected to be exacerbated under a regime of higher
climate risks compared to a situation involving lower values
of the same.

What we postulate above is derived from two strands of the-
oretical models involving rare disaster risks and inattention
of economic agents. First, based on the modifications to the
original models of rare disaster risks (Rietz 1988; Barro 2006,
2009), heightened climate risks considered as rare disaster
events (Baker et al. 2024) are likely to have a negative influ-
ence on economic activity not only through the deterioration
of labor productivity and capital quality, but also through
the patent obsolescence channel, which in turn dampens
Research and Development (R&D) expenditure growth
(Donadelli et al. 2017, 2022; Donadelli, Griining, et al. 2021;
Donadelli, Jiippner, et al. 2021). In other words, climate risks
can produce a reduction in economic activity from both the
demand- and supply-sides. In this regard, recent empirical
studies have confirmed the role of extreme weather risks in re-
ducing narrow and broad measures of state-level economic ac-
tivity, including the ECI, of the US (see, for instance, Colacito
et al. 2019; Sheng et al. 2022a; Cepni et al. 2024). Second,
Sundaresan (2023), motivated by the literature on inatten-
tion, developed a model to show that rare disaster risks (as
proxied by climate risks) enhance persistence in the process
of uncertainty. More specifically, in this model, agents choose
whether and how to prepare for different possible states of
the world by collecting information, but they also optimally

ignore sufficiently unlikely events. Hence, the occurrence of
such events does not resolve, but increases, uncertainty. With
uncertain agents having dispersed beliefs, uncertainty begets
uncertainty, and results in endogenous persistence. The theo-
retical proposition of Sundaresan (2023) has been empirically
confirmed by Sheng et al. (2022b), who showed that extreme
climate-related risks can result in enhancing the persistence
of economic uncertainties at the state level for the US.

To achieve our objectives econometrically, we rely on the anal-
ysis of impulse response functions (IRFs) of the ECIs following
a shock to extreme weather shocks based on linear and non-
linear Local Projections (LP) approaches of Jorda (2005), and
Gorodnichenko and Auerbach (2013) and Jorda et al. (2020), re-
spectively, in a panel data-setting of 50 US states over the period
of the 3rd week of April 1987 to the 4th week of March 2023.
Note that the nonlinear LP model allows us to obtain climate
risks-based-regime-specific responses of the ECI following a
positive shock to uncertainty. We utilize the LP method to ob-
tain the relevant IRFs associated with our questions, as it does
not require restrictive identification assumptions on the specifi-
cation and estimation of the unknown true multivariate system
itself and, thus, has a distinct advantage over the traditional
Vector Autoregression (VAR) approach. Furthermore, the LP
model uses simple regression estimation techniques (such as
the ordinary least squares (OLS)) and can easily accommodate
nonlinear models with flexible specifications, as used to obtain
the state-dependent (as defined by levels of extreme weather
risks) IRFs for ECI following an uncertainty shock.

To the best of our knowledge, this is the first paper to analyze the
effect of uncertainty on an index capturing economic conditions,
spanning various sectors of the US states at a high frequency,
and, more importantly, contingent on regimes of climate risks
proxying rare disaster events. Our study provides a rigorous,
high-frequency quantification of how uncertainty shocks im-
pact multi-dimensional economic conditions across US states,
and tests the hypothesis that this impact is significantly ampli-
fied by heightened extreme weather risks. The remainder of the
paper is organized as follows: Section 2 discusses the data used,
Section 3 presents the linear and nonlinear econometric models
and the associated empirical findings, and Section 4 concludes.

2 | Data

Our dependent variable, that is, the ECIs of the 50 US states, on
which we apply the linear and nonlinear LPs methods, to derive
climate risks-based regime-independent and regime-dependent
IRFs following an uncertainty shock, is based on the work of
Baumeister et al. (2024). These authors derive the indexes from
mixed-frequency dynamic factor models (DFMs) with weekly,
monthly, and quarterly variables that cover multiple dimensions
of the state economies. Specifically, Baumeister et al. (2024)
group the underlying variables into six broad categories: mobil-
ity measures, labor market indicators, real economic activity,
expectations measures, financial indicators, and household in-
dicators.! Table 1 in their paper summarizes the state-level data
that they use in the construction of the weekly ECIs, and also
includes information on the data frequency, source, transforma-
tion, seasonal adjustment, and the start date of each series. The
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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.

It is important to emphasize that uncertainty is a latent variable,
and hence, one requires ways to measure it. In this regard, at the
state level, uncertainty has been quantified using a newspapers-
based by Baker et al. (2022) and Elkamhi et al. (2023), where
in these authors search newspaper articles for terms associated
with Economic and Policy Uncertainties (EPUs) and, based
on the search count results, construct indexes of uncertainty.
An alternative to this is to extract uncertainty from Stochastic
Volatility (SV) estimates of various types of small and large-
scale structural models analyzed in the macroeconomics and fi-
nance literature. As for our metric of uncertainty, motivated by
the recent work on the nexus between growth and growth un-
certainty by Balcilar and Ozdemir (2020), Balcilar et al. (2022),
and Cepni et al. (2024), we use the second route, because the
first approach is not applicable in the context of our analysis
due to unavailability of the uncertainty-related indicators at
the weekly frequency, with the EPUs being only available in
an unbalanced manner at the monthly-level.? Hence, our mea-
sure of state-level uncertainty is derived from SV estimates of
the corresponding time-series of each of the 50 ECIs.3 Although
we could have also relied upon Generalized Autoregressive
Conditional Heteroskedasticity (GARCH) models, which have
a deterministic volatility-generating mechanism, we prefer the
SV approach because it does not impose restrictions on condi-
tional moments (as in GARCH models). In addition, SV models
have also been shown in the earlier literature to produce a better
in-sample fit (as well as superior out-of-sample forecasts) of vol-
atility and, hence, uncertainty (as discussed in detail by Balcilar
and Ozdemir (2020)). More specifically, we assume that the ECI
of each state follows an AR(2) process with stochastic volatility:

ECI,=b,ECI,_, +b,ECI,_,+\/exph¢,, &, ~i.i.d.N(0,Q),
h,=h,_,+o,v,,v,~1.1.d. N(0, 1),

where h, is the volatility which follows a random walk process.

To produce the metrics of climate (weather) risks, we collect
daily weather data from the Bloomberg terminal, as compiled
by the National Climatic Data Center (NCDC), for the 50 states.*
The weather data capture meteorological phenomena along sev-
eral dimensions, including temperature, precipitation, number
of heating degree days (HDD), number of cooling degree days
(CDD), and wind speed as described below:

« Temperature (temp,): The average temperature (usually of
the high and low) that was observed between 7am and 7 pm
local time, expressed in Fahrenheit.

« HDD (H,): The number of degrees that the average tempera-
ture of a day is below 65 degrees Fahrenheit. It is used to
calculate the heating requirements of a building.

« CDD (C)): The number of degrees the average temperature
of aday is above 65 degrees Fahrenheit, aiding in estimating
the cooling needs of a building.

« Precipitation (prec,): The amount of rain, snow, sleet, or hail
that falls in a specific location.

« Wind speed (wind,): The average speed of the wind, not ac-
counting for gusts, represented in knots.

As in Choi et al. (2020), we decompose the weather-related vari-
ables into three components that account for seasonal, predict-
able, and abnormal patterns. In particular, for each day, ¢, we
compute the daily weather measure (W) for each of the states as
a time-series, based on:

W, =wM+wpP+w

where W,={temperature, (temp), HDD, CDD,, precipitation,
(precip,), wind speed, (wind)}, and the term WtM denotes the
mean of W, for a specific-state spanning the 120months prior to
t. Moreover, the variable WID denotes the difference of the mean
of the deviation of the W, from the daily average temperature for
the particular state in the same calendar day over the last 10years
and WM. Finally, the variable W# is the remainder (i.e., the abnor-
mal deviation of weather conditions) and, hence, captures extreme
departures from normal weather conditions. For this reason, we
focus on this variable in our analysis. We standardize the abnormal
deviations, commonly known as the standardized anomaly, to ob-
tain the comprehensive measure of climate risks (CR), as given by:
CR, = [std(temp') + std(precip{') + std(CDD#) — std (HDD?) + std (wind/')] /5.
> To match the weekly frequency of the ECI and its SV, we com-
pute a corresponding weekly version of the CR by taking the daily
averages over a week.

Based on data availability at the time of writing this paper, our
sample period covers the 18th (3rd week of) April 1987 to the
25th (4th week of ) March 2023.

3 | Methodology and Results
3.1 | Econometric Models

The linear panel LP model of Jorda (2005) for computing IRFs
of ECIs due to an innovation (Shock) to uncertainty is specified
as follows:

ECL, g =a;+p,UShock;  +7,+¢€;,, fors=0,1,2, ...H (1)

where ECI; . is the ECI of the US state in week t+s, with s
being the forecast horizon.®

The coefficient f; captures the response of ECI; ,, in week t+s5
to UShock; , in week ¢, and the shock is given by the innovation
of the SV associated with the ECI in the US state / in week ¢
We also account for unobserved heterogeneity across the states
and time periods by including state and time fixed-effects in
the panel specification, indicated a; and y, ;, respectively. The
IRFs from the LP method are constructed by estimating a se-
quence of coefficients f; via the ordinary least squares (OLS)
estimator with two-way fixed effects.
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Following the approach of Gorodnichenko and Auerbach (2013)
and Jorda et al. (2020), we also use a regime-dependent model
that includes a smooth transition function to obtain the nonlin-
ear IRFs on the ECI due to the uncertainty (SV) shock (UShock)
contingent on low- and high-levels of CR. We specify the regime-
dependent model as follows:

ts

ECL o= (1-F(z,)) o + e UShock, , +7/¥'|

+F (2,,) [l + pLovUShock,, + 712" )

55 ts

+é€;45f0rs=0,1,2, ... H
F(z,) =exp(—rzy) /1 +exp( —rz,), ®3)

where z;, is a switching variable capturing the CR of the US
states, which is normalized to have a mean of zero and variance
of unity. The nonlinear model allows the IRFs of the ECI to an
uncertainty shock to vary smoothly between two extreme re-
gimes—a high weather risk regime and a low weather risk re-
gime—based on the value of the switching variable (z;,). The
model's dynamics are governed by the smooth transition func-
tion as specified in Equation (3), which takes a value between
0 and 1.® When weather risk is very high, z;, > 0,F(z;,) — 0.
The term (1 - F(z;,)) — 1, and thus the model's dynamics are
dominated by the parameters of the high-weather-risk regime
(a?;gh, ﬂ?igh, yg‘gh). In contrast, when weather risk is very low,
% < 0,F(z;;) = L The model's dynamics are therefore domi-
nated by the parameters of the low-weather-risk regime (akgw,
ﬁi‘f’“’, y}é"”). Superscripts High and Low denote the regimes of
high- and low-CR, respectively.

3.2 | Empirical Findings

In Figure 1, we report the IRF of the ECI due to a one-unit in-
crease in the UShock capturing the innovation to the SV over

_10.

_15.

52weeks, along with the 95% confidence bands calculated based
on panel-corrected standard errors.

As can be seen from Figure 1, following a positive (unfa-
vorable) uncertainty shock, the ECI of the US states deteri-
orates immediately upon impact. The uncertainty shock
tends to exert a large negative effect on the ECI in the short
term, with the impact peaking within 6 weeks to more than
12 units. Furthermore, we find that the negative effect of the
shock involving the SV of the ECI stays significantly until the
34th-week-ahead horizon, that is, more than eight quarters.
More importantly, our findings are in line with the theoretical
predictions of the adverse impact uncertainty is expected to
have on the economy emanating from both aggregate demand
and aggregate supply channels. We also confirm the lower-
frequency state-level negative effects of uncertainty detected
by the existing empirical literature, which we now show to
extend to weekly economic conditions, encapsulating six di-
mensions of the US states.

Next, in Figure 2, we turn to test the main hypothesis of our
paper, which is that the negative effect observed in Figure 1
for the state-level ECIs is likely to be stronger in regimes char-
acterized by relatively higher risks associated with extreme
weather events. For this, we rely on the climate risks-based-
regime-specific IRFs of the ECI following a one-unit increase
in UShock.

As observed from the left panel of Figure 2, the maximum neg-
ative impact of a positive uncertainty shock on the state-level
EClIs is relatively stronger, that is, more severe, when the US
states are in the high-regime of climate risks, to the extent that
the same effect, though negative, is not statistically significant
in general in the low-climate risks regime. Specifically speak-
ing, when climate risks are aggravated, following a one-unit
uncertainty shock the state ECIs are reduced to more than 19

2 4 6 8

10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52

FIGURE1 | The IRF of US state-level economic conditions indexes (ECIs) following a positive uncertainty shock (UShock). The shaded region
corresponds to 95% confidence bands calculated based on panel data-corrected standard errors via the delta method.
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Climate Risks: High-Regime
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2 4 6810121416 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52

Climate Risks: Low-Regime

2 4 68 10121416 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52

FIGURE2 | The climate risks-based regime-specific IRFs of the US state-level economic conditions indexes (ECIs) following a positive uncertain-

ty shock (UShock). The shaded region corresponds to 95% confidence bands calculated based on panel data-corrected standard errors via the delta

method.

units at the 5th-week-ahead horizon,” with the effect staying
significant till the 24th-week-ahead. In contrast, when the
states are facing lower climate risks, the maximum impact
of the UShock is not only less prominent in terms of magni-
tude, but more importantly, in terms of statistical significance
given the 95% confidence bands. Only intermittent significant
negative effects to the order of five units at the 3rd-, 6th-, and
9th-week-ahead horizons, and three units over the 22nd-28th-
week-ahead are observed following the positive one-unit un-
certainty shock.

When we compare Figures 1 and 2, it is evident that the regime-
independent results reported in the former figure are basically
driven by the effect of uncertainty on the state ECIs under the
high regime associated with climate risks and only to a limited
degree by the impact under the lower-extreme weather-related
regime in terms of the persistence of the effect associated with
the length of the weeks-ahead following the shock. Though the
initial impact of the nonlinear model under the high climate risk
regime mimics that of the linear model, the maximum effect is
much stronger in the regime-dependent case since the overall
linear effect on the state-level ECIs is muted by the lower regime
of climate risks. These observations confirm our hypothesis that
higher climate risks amplify the economic downturn. When we
dive deeper into why this might be the case, especially in high
climate risk regimes, several channels come into play. Firstly,
high climate risks, such as increased frequency of extreme
weather events, can lead to significant economic disruptions.
These disruptions can range from damage to infrastructure
and property, disruptions in supply chains, to declines in pro-
ductivity due to workforce dislocation or health impacts. Such
tangible impacts of climate risks can exacerbate the negative
effects of economic uncertainty. In addition, the uncertainty
associated with climate risks can also lead to higher insurance

costs, increased precautionary savings, and diverted resources
from productive investment towards disaster preparedness and
recovery efforts. These factors can further strain the economic
conditions of states, particularly those that are more suscepti-
ble to extreme weather events. In essence, in states with high
climate risks, the usual channels through which uncertainty
affects the economy—such as investment and consumption de-
cisions—are compounded by the additional risks and costs asso-
ciated with climate change. This results in a more pronounced
economic downturn in response to uncertainty shocks, as re-
flected by a greater drop in the ECIs for these states. Last but not
least, our key high-frequency finding, namely, the immediate
deterioration of economic conditions in the wake of uncertainty
shocks under high weather risk, aligns particularly well with
the inattention-based channel theorized by Sundaresan (2023):
when economic agents are already preoccupied with processing
climate-related risks, the introduction of additional uncertainty
overwhelms their finite decision-making capacity, triggering
swift reductions in economic activity that are captured in our
weekly ECI measure.

4 | Conclusion

In this paper, we analyze the effect of uncertainty on a broad
measure of economic conditions of the 50 US states, over the
weekly period of the 3rd week of April 1987 to the 4th week of
March 2023, conditional on the high- and low-regimes of corre-
sponding state-level extreme weather risks. Our results, based
on linear and nonlinear panel data models of local projections,
show that, while uncertainty, as captured by conditional sto-
chastic volatility of the economic conditions indexes (ECISs),
negatively impacts the ECIs in a statistically significant fash-
ion, these effects are immensely magnified when climate risks
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50f 8



correspond to the upper-regime. This is because stronger abnor-
mal weather events, corresponding to its high regime, lead to en-
hancement of the adverse effects of the demand- and supply-side
channels through which uncertainty tends to impact the ECIs.

Our findings imply that, while policies aiming at reducing
uncertainty will improve economic conditions, the size of
such positive effects would be contingent on the level of the
underlying climate risks. In other words, policymakers would
need to pursue complementary policies, in the sense that such
measures would need to ensure simultaneous reduction of un-
certainty and climate risks, to produce the desired economic
effects. In addition, stronger expansionary policy responses
are required when climate risks are relatively higher across the
states. Policymakers should consider coordinated policies ad-
dressing both macroeconomic uncertainty and climate/weather
adaptation, particularly during high-risk periods. This suggests
that macroeconomic stabilization policies (e.g., countercycli-
cal fiscal or monetary interventions) may need to be scaled up
when implemented alongside climate resilience measures to
fully mitigate the amplified economic downturns. While this
study provides novel evidence on the interaction between un-
certainty and climate/weather risks, several limitations warrant
discussion. First, our measure of economic uncertainty, derived
from the stochastic volatility (SV) of the Economic Conditions
Index (ECI), captures overall unpredictability of the series, but
may also incorporate time-varying measurement error inherent
in the construction of the ECI itself or potential model mis-
specification errors. Though this approach is well-established,
future research could seek to validate our findings using al-
ternative proxies for uncertainty as they become available at
higher frequencies and sub-national levels. Second, our climate
risk variable aggregates weather anomalies to the state level,
potentially masking critical intra-state heterogeneity. This spa-
tial aggregation likely introduces measurement error into our
climate risk variable and may attenuate our estimates, suggest-
ing our results may represent a conservative estimate of the true
amplification effect. As higher-frequency sub-state economic
data becomes available, future work replicating our analysis at
the county or metro level would be a valuable contribution to
the literature. Finally, our composite climate index summarizes
average conditions and does not fully capture the distribution
of risk within states, such as the intensity of localized extremes.
Constructing more nuanced measures (e.g., within-state spa-
tial standard deviations or areas exceeding damage thresholds)
would help refine the link between physical risks and economic
outcomes. These limitations highlight fruitful directions for ex-
tending this research.
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Endnotes

!The data can be downloaded from: https://sites.google.com/view/
weeklystateindexes/dashboard.

2We also created a national aggregate index (National SV-ECI) by av-
eraging stochastic volatility estimates across all 50 US states. This
composite index shows a strong positive correlation with the national
Economic Policy Uncertainty (EPU) index at monthly frequency,
particularly during well-known periods of economic turmoil. As
shown in Figure Al (see Appendix), the National SV-ECI displays
conspicuous spikes coinciding with major uncertainty events—most
notably the 2008 Global Financial Crisis and the COVID-19 pan-
demic outbreak in March 2020. These systematic alignments with
established uncertainty episodes confirm that our measure cap-
tures meaningful economic uncertainty shocks, thereby anchoring
our methodology within the broader empirical literature on uncer-
tainty measurement. This validation reinforces the interpretive rel-
evance of our state-level volatility estimates as proxies for economic
uncertainty.

3We assume that the ECI of each state follows an AR(2) pro-
cess with stochastic volatility: y,=b;y,_; +b,y,_,++/exph,
&,6~1.1.d.N©O,Q),h,=h;_; +0,V;,v,~i.i.d.N(0,1), where y,
is the ECI for each state at time period ¢, and h;, is the volatility which
follows a random walk process. Our stochastic volatility (SV) mea-
sure, while a standard proxy for uncertainty in high-frequency analy-
ses, captures the overall unpredictability of the Economic Conditions
Index (ECI). This unpredictability plausibly reflects genuine under-
lying economic uncertainty affecting agents’ decisions, but may also
incorporate time-varying measurement error in the ECI's constituent
series or residual volatility owing to the parsimonious AR(2) specifica-
tion. Consequently, our measure is best interpreted as a broad empiri-
cal proxy for episodes of heightened economic unpredictability. In line
with well-established literature, we interpret such unpredictability as
a manifestation of economic uncertainty.

4We use the term “climate risk” or “weather risk” to refer to the increased
exposure to extreme weather anomalies (e.g., heatwaves, floods, storms)
that manifest as short-term economic stressors. While our analysis di-
rectly measures the impact of these weather anomalies, their growing
frequency and intensity are fundamentally linked to long-term climate
change. Thus, our findings offer insight into how economic vulnerability
to uncertainty may evolve under future climate scenarios characterized
by more frequent and severe weather extremes.

SNote that in CR,, the standardized HDD‘;‘ enters with negative sign.
HDD is a measure used to estimate the demand for energy needed to
heat a building. Hence, high HDD indicates that more energy is needed
to heat buildings due to lower temperatures, which implies less risk
of global warming. It is noteworthy that while our state-level average
weather anomaly measure necessarily masks intra-state heterogene-
ity, likely attenuating our estimated results and thus providing a con-
servative baseline, this approach remains theoretically justified and
empirically pragmatic. The state-level focus aligns with policy-making
jurisdictions, reflects data constraints that prevent consistent sub-state
analysis at weekly frequency, and captures how localized climate stress
propagates through economy-wide channels (e.g., energy systems, agri-
cultural markets, etc.) to affect broader state-level economic conditions.
This approach is consistent with established macroeconomic literature
examining climate/extreme weather impacts on aggregate outcomes. It
effectively proxies for the aggregate economic pressure exerted by ex-
treme weather conditions, which is the primary mechanism through
which we hypothesize climate risk amplifies uncertainty shocks.

®The maximum length of forecast horizon is set to 52 in this study, cor-
responding to a year.

"UShock;, is obtained from the residuals of and AR(1) fixed-effects
panel data model of the US states which involves regressing of
the SV of the ECI of each state on its own first lag. Our identifica-
tion strategy relies on the orthogonality of the pre-whitened shock
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innovation UShock; . At a weekly frequency, we assume this shock is
unanticipated and its impact is immediate. The inclusion of state and
time fixed effects is our primary strategy to control for unobserved,
persistent heterogeneity and common weekly shocks. We posit that
these controls, in the context of our high-frequency data, are suffi-
cient to isolate the contemporaneous shock from other confounding
factors, making the addition of lagged terms less critical for identifi-
cation than in lower-frequency models. We conducted a robustness
check with lagged controls (e.g., lags of the dependent variable and
the shock variable), and the results are unaffected. These results are
available upon request.

8We follow the convention of standardizing the switching variable to
have a unit variance. For the standardized z;,, we use y=1 as a stan-
dardizable and practical choice for capturing regime transitions. It rep-
resents a moderate speed of transition between regimes.

°To interpret the economic significance of this peak decline of ap-
proximately 19 units to a one-unit uncertainty shock, we consider
the historical variation (standard deviation) of the uncertainty shock
and ECI, which is approximately 0.011 and 1.604, respectively. A one-
standard-deviation increase in uncertainty (0.011units) leads to a
peak decline in the ECI of 0.209 units (19 x0.011~0.209). Relative to
the historical variation of the ECI (standard deviation =1.604), this
represents a decline of 0.130 standard deviations (0.209/1.604~0.130).
While this effect may appear modest in isolation, its economic sig-
nificance is underscored by two key factors: (1) the high-frequency
weekly context—even small weekly perturbations can accumulate
into substantial quarterly or annual economic impacts; and (2) the
prolonged persistence of the effect.
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Appendix A

Normalized Comparison of National SV-ECI and EPU Indices
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