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ABSTRACT 
This paper uses GARCH‐MIDAS to predict US natural gas futures volatility using national and state‐level Climate Concern 
Indexes (CCIs). We find that both national and state‐level CCIs positively affect price volatility. Notably, models using state‐ 
level data—specifically those utilizing least‐squares (LS) weighting combinations—surpass the GARCH‐MIDAS‐GECON 
benchmark and models relying solely on national CCI. These findings deliver substantial statistical and economic utility gains. 
Our results underscore the importance of incorporating heterogeneous climate concerns across US states to capture varied 
demand‐supply conditions when forecasting energy market volatility. 
JEL Classification: C32, C53, Q41, Q47, Q54   

1 | Introduction 

There are growing concerns about the adverse economic 
impacts of global warming. Given this, to mitigate climate 
change, governments have begun taking steps toward more 
environmentally friendly policy decisions, including legislation 
and protocols to reduce greenhouse gas emissions. The 
“cleanest” traditional fossil fuel is considered to be natural gas, 
due to lower carbon emissions per unit of calorific value when 
burned, which are far lower than those of coal or petroleum 
(Myhrvold and Caldeira 2012). Natural gas has become a major 
stepping stone in the transition to a cleaner energy mix, en-
abling reductions in pollution (De Crescenzo et al. 2025). Nat-
ural gas is also used across various sectors of the economy, 
serving as a critical primary energy source. Natural gas plays a 
critical role in electricity generation. Moreover, it prevails as 
one of the most popular fuels for residential and commercial 
heating. Furthermore, it provides a wide range of industrial 
uses, serving as a feedstock for fertilizer, hydrogen, and other 
petrochemical products, while also acting as a heat source 

for steel, glass, and paper manufacturing (Baumeister et al. 
forthcoming). 

Throughout the process, environmentally concerned investors 
have taken a keen interest in natural gas, particularly as a result 
of the financialization of the entire energy sector, which 
includes the natural gas sector (Bampinas and Panagiotidis 
2017; Gagnon et al. 2020; Lubnau and Todorova 2015; Wang 
et al. 2019; Rizvi et al. 2022). This process of financialization has 
led to increased market participation by institutional investors 
such as hedge funds and insurance companies, to the extent 
that using natural gas is considered a profitable “alternative” 
investment for financial institutions' portfolios (Bresciani 
et al. 2020). 

In the context of the growing relevance of the natural gas sector 
in the process of clean energy transition and the associated 
implications, namely financialization, forecasting volatility of 
natural gas prices, portfolio analysis, and risk management, 
without neglecting the importance for policymakers and regu-
lators when designing adequate policies vital in this context. It 
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is perhaps unsurprising prior research have highlighted the role 
of demand‐supply factors which are associated with natural gas 
markets, macroeconomic, financial and behavioral (investor 
sentiment) variables, economic policy and geopolitical un-
certainties in accurately forecasting natural gas price volatility 
(see, e.g., Borovkova and Mahakena 2015; Lyócsa and 
Molnár 2018; Fałdziński et al. 2021; Liang et al. 2021; Lu 
et al. 2022; Salisu et al. 2022; Wang et al. 2022; Chen, Xiao, 
et al. 2023; Tiwari et al. 2024). 

Climate change is associated with both physical risks 
(originating from the detrimental impacts of climate‐related 
events, such as elevated temperatures, sea level rise, floods, and 
wildfires), and transition risks (arising from the gradual shift 
toward a low‐carbon economy usually prompted by changes in 
climate and environmental policies, the growing competitive-
ness of eco‐friendly technologies, and shifts in consumer pref-
erences), hence, climate‐related financial risks are an integral 
part of every conceivable future scenario with varying degrees 
or forms of uncertainty (Giglio et al. 2021; van Benthem 
et al. 2022), and likely to exacerbate asset (natural gas) price 
volatility. In the process, given the importance of the natural 
gas industry outlined above, it is not surprising to see recent 
papers analysing the role of both physical and transition risks in 
forecasting natural gas price volatility (see, e.g., Gupta and 
Pierdzioch 2021; Liang et al. 2022; Guo et al. 2023; Gong 
et al. 2024). While Liang et al. (2022) and Guo et al. (2023) 
forecasted daily conditional volatility based on monthly pre-
dictors of climate risks using the Generalized Autoregressive 
Conditional Heteroskedasticity‐Mixed Data Sampling (GARCH‐ 
MIDAS) of Engle et al. (2013), Gupta and Pierdzioch (2021) and 
Gong et al. (2024) produced forecasts for intraday data‐based 
daily realized volatility using daily metrics of climate risks by 
utilizing the Heterogeneous Autoregressive Realized Volatility 
(HAR‐RV) framework of Corsi (2009). 

While these studies provide a foundation, it is important to 
highlight the differences between the Climate Concern Index 
(CCI) used in this paper and other metrics, such as the Climate 
Policy Uncertainty (CPU) index by Gavriilidis (2021), which 
Guo et al. (2023) used. As noted by Guo et al. (2023), 
newspaper‐based indices like the CPU may not consistently 
match the out‐of‐sample predictive power of direct disaster 
frequency. A key advantage of the CCI index is its ability to 
capture the uncertainty of economic agents—including 
investors—more directly than newspaper‐based indices. By 
using disaggregated web search volumes, the CCI reflects 
market participants' proactive awareness and information‐ 
seeking behavior regarding both physical and transition risks in 
real time. The advantage of the CCI is its dual capacity: it 
captures both physical and transition risks at the national level 
and for each of the 50 US states, reflecting local industrial and 
cultural perceptions of climate change. Unlike newspaper‐based 
metrics that rely on editorial selection, search‐based indices 
serve as a direct proxy for the “perceived impact” and uncer-
tainty felt by agents on the ground. This disaggregated content 
is particularly vital given the nonhomogeneous natural gas 
dependence across the United States, which we discuss in fur-
ther detail in the next paragraph. 

We aim to add to this line of research by analysing the role of 
national, as well as, state‐level Climate Concern Index (CCI) for 
the United States, as recently developed by Angelini et al. (2025) 

based on disaggregated web‐search volumes related to climate 
change topics, to forecast daily natural gas futures price vola-
tility over 2004–2024. The advantage of the CCI is that it not 
only includes the role of both physical and transition risks for 
the overall US, shown to be important in forecasting natural gas 
price volatility in the abovementioned studies, but it also cap-
tures these two risks for each of the 50 states of the United 
States, which could indicate differences in the perception of 
climate concern related to the industrial and cultural context of 
each part of the country, as well as the impact of specific cli-
mate events that have occurred in different areas. We hypoth-
esize that the state‐level information, when combined, is likely 
to be beneficial relative to the national CCI in forecasting the 
volatility of natural gas prices, since it will be able to capture the 
well‐documented underlying heterogeneous properties of 
physical climate risks (Gil‐Alana et al. 2022) and transition risks 
(Sheng et al. 2025) across the US states. Moreover, given the 
nonhomogenous degree of natural gas dependence across 
the US states, as reported in Table 1 for the period of 2004–2024, 
the state‐level CCIs will serve as a proxy for corresponding 
varied demand and supply conditions (Cruz and Krausmann 
2013; Speake et al. 2020; Auffhammer 2022; Xie et al. 2023),1 

which, in turn, are expected to impact the strength of the nat-
ural gas‐market volatility in a nonuniform manner. While 
natural gas futures traded on the New York Mercantile Ex-
change (NYMEX) are priced at the national level and reflect 
aggregate demand–supply conditions, the overall demand and 
supply originate from the various states that have heteroge-
neous climate exposures and natural gas dependence, translat-
ing into the final demand‐supply position.2 The disaggregated 
information content of the state‐level CCIs, can, thus, provide 
more accurate information on the future path of overall natural 
gas price volatility compared to the national CCI, with the 
importance of such disaggregation highlighted already for var-
iability of natural gas futures prices emanating from physical 
risks (Hu et al. 2014; Chen, Hartley et al. 2023).3 Of course, this 
is an empirical question, and needs to be validated in our 
context. 

For our econometric exercise of forecasting daily conditional 
volatility of natural gas futures prices, we rely on the GARCH‐ 
MIDAS model, since the CCIs are only available at a monthly 
frequency. While the usage of the GARCH framework of 
Bollerslev (1986) is a widely used method of modeling and 
predicting volatility (including that of natural gas prices), the 
MIDAS aspect ensures that there is no loss of information by 
averaging the daily data to a lower frequency (Clements and 
Galvão 2008). Econometrically, the GARCH‐MIDAS approach 
is motivated by the argument that volatility is not a single 
measure but has different components: one related to short‐ 
term fluctuations and the other to a long‐run component, with 
the latter likely to be affected by slow‐moving predictors like the 
CCIs in our case. In this regard, besides producing forecasts 
from the GARCH‐MIDAS model for the national‐level CCIs, we 
do the same for each of the 50 states and combine them using 
four forecast combination methods, as well as by using a 
Principal Component Analysis (PCA) to create a common factor 
of the CCIs to be utilized in the forecasting exercise. 

At this stage, we must emphasize that the decision to forecast 
natural gas price volatility at a daily frequency is not only 
due to the underlying statistical need to provide more accurate 
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measures of volatility (Ghysels et al. 2019), but also because 
high‐frequency forecasts are important for investors in terms of 
making timely portfolio decisions, given that daily volatility 
forecasts features prominently in the context of Value‐at‐Risk 
(VaR) estimates (Ghysels and Valkanov 2012). To the best of our 
knowledge, this is the first paper to utilize and compare the role 
of overall and state‐level CCIs in forecasting natural gas price 
volatility in the United States. The remainder of the paper is 
organized as follows: Section 2 presents the data, Section 3 out-
lines the methodology, and Section 4 presents the findings from 
the forecasting exercise, including both statistical and economic 
evaluations. Finally, Section 5 concludes the paper. 

2 | Data and Preliminary Analysis 

We forecast the GARCH‐based volatility of daily natural gas fu-
tures price log‐returns, with the underlying futures prices being 
based on delivery at the Henry Hub in Louisiana and correspond 
to official daily closing prices at 2:30 p.m. from the trading floor of 
the NYMEX for a specific delivery month. Recall that a futures 
price is the price quoted for delivering a specified quantity of a 
commodity at a specified time and place in the future, and we 
consider four such prices, specifying the earliest delivery date: NG 
Futures 1, NG Futures 2, NG Futures 3 and NG Futures 4, 
obtained from the US Energy Information Administration.4 Nat-
ural gas contracts expire three business days prior to the first 
calendar day of the delivery month. Thus, the delivery month for 
Contract 1 is the calendar month following the trade date, while 
Contracts 2–4 represent the successive delivery months following 
Contract 1. 

Our benchmark model, that is, the GARCH‐MIDAS‐GECON, 
incorporates the information of the monthly Global Economic 
Conditions (GECON) index constructed by Baumeister et al. 
(2022),5 which, in turn, captures conditions of real economic 
activity as well as commodity (excluding precious metals and 
energy) prices, financial indicators, transportation, uncertainty, 
expectations, weather, and energy market‐related indicators, 
and hence, is basically an all‐encompassing metric of the vari-
ous predictors used in forecasting natural gas price volatility, as 
shown by Salisu et al. (2022) and Wang et al. (2022). 

To this benchmark model, we compare GARCH‐MIDAS‐CCI 
models, where the CCI is not only for the overall United States 
but also derived from a combination of the CCIs of each of the 50 
US states using PCA, as well as four popular forecast combination 
approaches (discussed below). The national and state‐level Google 

TABLE 1 | Average natural gas dependence by state (2004–2024).   

State Average dependence (%)  

Connecticut 100.0 
Delaware 100.0 
Georgia 100.0 
Hawaii 100.0 
Idaho 100.0 
Iowa 100.0 
Maine 100.0 
Massachusetts 100.0 
Minnesota 100.0 
Missouri 100.0 
Nevada 100.0 
New Hampshire 100.0 
New Jersey 100.0 
North Carolina 100.0 
Oregon 100.0 
Rhode Island 100.0 
South Carolina 100.0 
Vermont 100.0 
Washington 100.0 
Wisconsin 100.0 
Maryland 99.9 
Arizona 99.9 
Illinois 99.9 
Florida 99.7 
Oregon 99.7 
Indiana 99.4 
Nebraska 99.2 
Tennessee 98.9 
New York 97.8 
South Dakota 95.9 
California 88.9 
Mississippi 82.2 
Michigan 80.6 
Virginia 71.5 
Kentucky 63.7 
Alabama 39.1 
Ohio 32.9 
Montana 5.7 
Alaska 1.6 
Kansas −9.0 
Utah −57.1 
Texas −60.3 
Arkansas −69.0 
Louisiana −82.4 
Pennsylvania −85.0 
North Dakota −118.1 

(Continues) 

TABLE 1 | (Continued)   

State Average dependence (%)  

Colorado −183.6 
Oklahoma −194.0 
West Virginia −344.9 
New Mexico −488.7 
Wyoming −1045.5 

Note: Authors' computations using natural gas consumption and production data 
from the US Energy Information Administration (EIA), such that the percentage 
of natural gas dependence is equal to the difference between consumption and 
production divided by consumption times 100 for each state.  
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Trends‐based CCIs of the United States, as developed by Angelini 
et al. (2025),6 are based on the volume of web searches related to a 
broad list of disaggregated queries covering topics related to 
climate change that may generate concern and fear, indicate 
awareness, and capture people's perceived impact of extreme 
weather events, natural disasters, environmental risks and polic-
ies. The creation of the CCIs began with a detailed vocabulary 
development process, with a preliminary list of relevant search 
terms initially compiled based on the existing literature on cli-
mate sentiment (see, e.g., Gavriilidis 2021; Ardia et al. 2023; 
Faccini et al. 2023; Arteaga‐Garavito et al. 2024; Bua et al. 2024). 
The list was then refined and expanded using prompt engineering 
techniques to interact with large language models in OpenAI and 
ChatGPT. At the same time, the content of specialized posts on 
social media and online platforms was also examined to validate 
the relevance of the proposed terms in the real world. Finally, 
Angelini et al. (2025) selected a set of 112 queries focused on the 
United States, grouped into seven categories: natural disasters 
that generate fear; threats related to global warming; broader 
climate change narratives; mitigation and reduction strategies; 
technological hope; international summits; and climate or en-
vironmental policy terms. Each group contained a maximum of 
five terms (always including the benchmark term), and the rela-
tive frequency index was calculated for each term within a group. 
After calculating all the relative frequency indexes for each query 
within their respective groups, Angelini et al. (2025) aggregated 
them to create the overall index. The resulting series was then 
normalized so that its maximum value over the sample period 
equals 100. Following the suggestions of Angelini et al. (2025), we 
seasonally adjusted the national and state‐level indexes using the 
X‐13 procedure. 

Based on data availability at the time of writing this paper, our 
analyses cover the period between January 5, 2004 and April 5, 
2024. Table 2 presents descriptive and preliminary results for 
four variants of natural gas futures price returns (Panel A) and 
for exogenous predictors (Panel B), including the GECON 
index, the US aggregate CCI, and the 50 state‐level CCIs. Panel 
A reveals that log‐returns of natural gas futures exhibit low 
mean returns with high volatility, are negatively skewed (except 
for futures 1) and leptokurtic, and are expectedly consistent 
with features observed in most financial time series character-
ized by spikes and volatility clustering. The natural gas futures' 
returns exhibit ARCH effects at the specified lags, and the 
Ljung–Box Q and Q2 statistics indicate strong serial correlation 
and persistence in both returns and squared returns. These 
features clearly indicate time‐varying volatility, which justifies 
our use of a conditional heteroscedasticity model framework to 
model the volatility dynamics of natural gas futures prices. 

Panel B reports the characteristics of the monthly predictors 
(GECON and CCIs: US aggregate and the state‐specific). The 
climate concerns indices display substantial variations across the 
50 US states, with mixed stances of positive and negative skew-
ness, and all exhibit leptokurtic, which indicates asymmetric and 
heavy‐tailed behavior. There is evidence of significant ARCH ef-
fects and serial correlations across most state‐level CCIs, which 
suggest volatility clustering and serial dependence even in the 
predictors. This implies that the information content of these 
macro‐sentiment and climate‐related indices also evolves over 
time. Interestingly, a cross‐sectional correlation analysis between 
the mean state‐level CCIs and the corresponding averages of 

natural gas dependence yielded a positive, statistically significant 
(at the 5% level) coefficient of 0.30. 

The mixed frequencies of our data cum the evidenced ARCH 
effect and serial correlations, validate the suitability of adopting 
the GARCH‐MIDAS model framework, which effectively com-
bines high‐frequency natural gas futures returns with monthly 
macroeconomic or climate concern indicators. This framework 
accommodates both short‐run volatility dynamics and long‐run 
variations driven by broader economic or climate‐related fac-
tors, which allows for a comprehensive analysis of how global 
economic conditions and climate sentiment influence the nat-
ural gas market uncertainty. 

3 | Methodology 

We define ri t, as the daily log returns of natural gas futures 
prices, where i and t respectively denote daily and monthly 
frequencies, and Nt represents the number of days in a 
given month. The GARCH‐MIDAS model used in this study is 
specified as follows: 

r µ g e i N= + × × , = 1, …, ,i t t i t i t t, , , (1) 

where is the unconditional mean of the natural gas futures 
returns, and the conditional variance consists of two compo-
nents: a long‐run component µ( )t that captures low‐frequency 
movements, and a short‐run GARCH component g( )i t, that 
reflects high‐frequency dynamics. The innovation term 
e N~ (0, 1)i t i t, 1, follows an error distribution conditioned on 
the available information at day i of month t . The short‐run 
component is defined as 

g r
µ

g= (1 ) + ( ) + ,i t
i t

i
i t,

1,
2

1, (2) 

where and represent the ARCH and GARCH effects 
respectively, satisfying > 0, 0 and + < 1. Consistent 
with Engle et al. (2013), the monthly varying long‐term com-
ponent µ( )t is converted to a daily frequency, rolling back 
across days without retaining the monthly identifiers. The daily 
long‐term component for the exogenous predictor Xi k is ex-
pressed as: 

µ m X= + ( , ) ,i
k

K

k i k
=1

1 2 (3) 

where m is the long‐run component intercept; measures the 
predictability of the incorporated predictor, which include dif-
ferent variants of the CCIs; including the aggregate US CCI, 
state‐level CCIs, and a PCA‐based CCI derived from 50 state‐ 
level indicators, as a way to incorporate their combined role. 
Several GARCH‐MIDAS variants are estimated, differing by the 
incorporated predictor, with the main emphasis on comparing 
the predictive relevance of CCI‐based models relative to the 
benchmark model that involves the GECON index. 

The weighting function w w k K( , ) 0, = 1, …,k 1 2 is defined as a 
one‐parameter beta polynomial constrained to sum to unity 
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( = 1)k
K

k=1 , ensuring parameter identification and interpret-
ability. The long‐term component is filtered using an optimal lag 
length of 36 corresponding to the number of MIDAS months 
selected for the specification. Following Colacito et al. (2011) 
and Engle et al. (2013), the two‐parameter beta weighting 
function, w w k K k K( , ) = [ / ( + 1)] × [1 / ( + 1)] /k

w w1 2 1 11 2

j K j K[ / ( + 1)] × [1 /( + 1)]j
K w w
=1

1 11 2 , is reduced to a one‐ 
parameter form, 

Ä
Ç
ÅÅÅÅÅÅ

É
Ö
ÑÑÑÑÑÑw k K j K( ) = [1 /( + 1)] / [1 /( + 1)]k

w
j
K w1
=1

1 , 
by fixing one shape parameter at unity and setting the other w = w2, 
such that it is greater than unity w( > 1), to ensure a monotonically 
decreasing weighting structure. This specification assigns higher 
weights to recent observations and progressively lower weights to 
distant lags, thereby emphasizing more recent exogeneous predictor 
information in determining long‐run volatility. 

The in‐sample predictability of GECON and the various CCI‐ 
based predictors for natural gas futures returns volatility is 
assessed by testing the significance of the slope coefficient (δ). A 
statistically significant coefficient indicates that the predictor 
provides useful information for explaining volatility in the 
natural gas market. GECON is expected to reduce volatility 
(Salisu et al. 2022), while climate concern indexes are antici-
pated to increase it, reflecting their potential to transmit market 
sentiment and risk conditions (Guo et al. 2023). Our analysis 
focuses on the out‐of‐sample forecast performance (statistical 
and economic) of these model variants, as well as their in‐ 
sample predictability. 

For the forecast evaluation, the sample is divided into 75% for 
estimation and 25% for the out‐of‐sample exercise. The models 
are then compared using the modified version of the Diebold 
and Mariano (1995, DM*) test proposed by Harvey et al. (1997), 
which evaluates whether one model's forecasts are statistically 
more accurate than another. A significantly negative DM* sta-
tistic implies that the CCI‐based GARCH‐MIDAS variants 
outperform the benchmark GECON‐based model. The evalua-
tion also explores four different forecast combinations (see 
Appendix B for the technical details): simple average (FC )SA , 
mean squared error weighted (FC )MSE , Bayesian model aver-
aging (FC )BMA , and least squares (FC )LS , in contrast with the 
forecast from the GARCH‐MIDAS‐GECON and GARCH‐ 
MIDAS‐US‐CCI; examining whether these forecast combina-
tions offer more precise forecasts than those from GECON and 
US CCI aggregate‐based GARCH‐MIDAS models. Essentially, 
the interest is to assess the statistical importance of integrating 
information from state‐level CCIs or forecasts (either through 
PCA or forecast weighted combination) enhances predictive 
accuracy and stability relative to the GECON and the US 
aggregate CCI. This approach provides a robust framework for 
investigating the dynamic relationship between overall and 
disaggregated climate sentiment indicators and natural gas 
market volatility, by balancing theoretical rigor with empirical 
applicability. 

4 | Empirical Results 

Here, we present the in‐sample predictability results for the 
incorporated predictors in predicting natural gas volatility, as 
well as the out‐of‐sample forecast evaluation using the modified 
Diebold‐Mariano test statistics. Given the focus of this study, we 
only report the slope coefficients associated with the predictors 

to reflect in‐sample predictability. In addition to the statistical 
evaluation, an economic performance analysis is also conducted 
based on utility gains. 

4.1 | In‐Sample Predictability 

The in‐sample estimation results, presented in the second col-
umn of Table 3, demonstrate statistically significant relation-
ships between each of the four variants of natural gas futures 
return volatility and the incorporated predictors, which include 
GECON, the US aggregate CCI, and the PCA‐derived CCI 
indicator constructed from the 50 state‐level CCIs. These re-
lationships align well with our a priori theoretical expectations 
and exhibit the anticipated directional signs, with consistency 
across the different natural gas futures. Specifically, the 
coefficient on GECON is negative and statistically significant, 
indicating that stronger general economic conditions reduce 
uncertainty in the natural gas market. This finding suggests that 
periods of economic expansion or improved macroeconomic 
performance enhance investor confidence, dampen speculative 
behavior, and promote greater market stability. On the other 
hand, both the US aggregate CCI and the PCA‐based climate 
concerns indicator display significantly positive (except in the 
case of the NG Futures 4) associations with natural gas futures 
volatility.7 This implies that increases in climate concern 
intensity correspond to greater fluctuations in natural gas fu-
tures prices, potentially due to risk transmission or behavioral 
spillover effects. Elevated climate concerns may create uncer-
tainty about future energy policy directions, regulatory shifts, 
and the long‐term viability of fossil fuels, alongside intensified 
physical risks, thereby amplifying market reactions and price 
volatility. These findings reinforce the notion that while favor-
able macroeconomic conditions foster stability, rising climate‐ 
related apprehensions tend to increase volatility through 
information asymmetry and risk perception, underscoring the 
importance of integrating both economic and climate sentiment 
indicators into modeling and forecasting natural gas market 
dynamics. 

4.2 | Out‐of‐Sample Forecast Performance 

In the out‐of‐sample forecast evaluation, a 75:25 data partition 
was implemented, whereby the initial 75% of the dataset was 
used for model estimation, and the remaining 25% was reserved 
for forecasting assessment across four horizons, which include 
20‐, 60‐, 120‐, and 240‐ day ahead. Forecast accuracy was 
evaluated for the four natural gas futures using the modified 
Diebold‐Mariano (DM*) test, with two benchmark models 
compared: GARCH‐MIDAS‐GECON (columns 3–6 of Table 3) 
and GARCH‐MIDAS‐CCIUS_Agg (columns 7–10 of Table 3). A 
row‐named predictor‐based GARCH‐MIDAS model was con-
sidered to outperform the column‐named benchmark in preci-
sion if the DM* statistic was significantly negative, 
underperform if the modified DM statistic was significantly 
positive, and statistically indistinguishable if the modified DM 
statistic was insignificant. Additionally, four forecast combina-
tion methods: FCSA, FCMSE, FCBMA, and FCLS) were constructed 
from the 50 US state‐level CCI‐based GARCH‐MIDAS models 
to assess the potential predictive gains from using disaggregated 
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state‐level information on the CCIs relative to the US aggregate 
CCI (USCCI_AGG). 

The results show that the CCI‐based GARCH‐MIDAS models, 
whether using the CCI for the overall US, the PCA and forecast 
combination of the state‐level CCIs,8 consistently outperform 
the GARCH‐MIDAS‐GECON benchmark, across all horizons; 
which confirms the superior predictive capability of climate 
concern indicators in explaining natural gas futures volatility, in 
line with the earlier studies of Gupta and Pierdzioch (2021), 
Liang et al. (2022), Guo et al. (2023), Gong et al. (2024) on this 
topic. This pattern holds across all four natural gas futures, 
suggesting that shifts in climate‐related sentiment convey 

valuable information about energy market uncertainty across 
contracts. Furthermore, when the PCA‐derived CCI and fore-
cast combination models were compared against the GARCH‐ 
MIDAS‐US‐CCI benchmark, only the least squares (LS) com-
bination method (FCLS) produced consistent and significant 
improvements in forecast accuracy for all four futures, besides 
the combination based on BMA for NG Futures 2. This outcome 
underscores the advantage of the LS approach in effectively 
capturing cross‐sectional heterogeneity among state‐level CCIs, 
optimizing model contributions, and improving overall predic-
tive precision.9 The results provide empirical support for the 
forecast combination framework, showing that integrating 

TABLE 3 | In‐sample predictability and out‐of‐sample forecast evaluation using the modified Diebold‐Mariano test statistic.           

Predictor 
In‐sample 

predictability 

Modified Diebold‐Mariano out‐of‐sample forecast evaluation 

Benchmark: GECON Benchmark: US aggregate CCI 

h = 20 h = 60 h = 120 h = 240 h = 20 h = 60 h = 120 h = 240

NG futures 1         

GECON −1.039*** [0.177] — — — — — — — — 

CCIUS_Agg 0.304*** [0.099] −7.986*** −10.049*** −12.297*** −12.233*** — — — — 

CCIPCA 0.127*** [0.029] −1.035 −6.418*** −9.481*** −2.803*** 7.964*** 11.024*** 13.202*** 14.037*** 

FCSA — −1.943* −7.031*** −10.271*** −6.695*** 6.589*** 7.299*** 10.675*** 13.142*** 

FCMSE — −1.722 −6.907*** −10.209*** −6.877*** 6.789*** 7.919*** 11.126*** 13.603*** 

FCBMA — −7.845*** −10.337*** −12.745*** −11.430*** −5.483*** −0.776 4.764*** 7.515*** 

FCLS — −4.663*** −5.833*** −6.565*** −8.420*** −4.567*** −5.698*** −6.409*** −8.243*** 

NG futures 2         

GECON −1.148*** [0.124] — — — — — — — — 

CCIUS_Agg 0.402*** [0.091] −4.717*** −8.388*** −10.949*** −12.770*** — — — — 

CCIPCA 0.149*** [0.024] 0.347 −5.687*** −8.494*** −4.133*** 7.351*** 10.796*** 12.507*** 14.426*** 

FCSA — 0.246 −5.81*** −8.505*** −8.125*** 5.440*** 3.388*** 6.386*** 11.489*** 

FCMSE — 0.218 −5.834*** −8.597*** −8.421*** 5.695*** 4.332*** 7.220*** 11.789*** 

FCBMA — −6.433*** −9.259*** −11.463*** −13.312*** −7.519*** −10.011*** −11.314*** −10.751*** 

FCLS — −4.232*** −6.059*** −6.495*** −8.803*** −4.136*** −5.901*** −6.320*** −8.59*** 

NG futures 3         

GECON −1.086*** [0.118] — — — — — — — — 

CCIUS_Agg 0.384*** [0.083] −7.640*** −10.231*** −10.184*** −13.770*** — — — — 

CCIPCA 0.14*** [0.023] −6.814*** −9.575*** −8.312*** −7.092*** 6.868*** 9.717*** 9.600*** 14.797*** 

FCSA — −6.382*** −9.219*** −8.782*** −10.079*** 5.078*** 3.813*** 6.147*** 12.991*** 

FCMSE — −6.476*** −9.275*** −8.915*** −10.395*** 5.387*** 5.135*** 6.661*** 13.482*** 

FCBMA — −3.604*** −7.866*** −6.401*** −4.282*** 2.842** −2.608** 2.303** 9.275*** 

FCLS — −4.628*** −6.316*** −5.898*** −9.168*** −4.454*** −6.073*** −5.697*** −8.893*** 

NG futures 4         

GECON −1.084*** [0.086] — — — — — — — — 

CCIUS_Agg −0.18* [0.099] −8.215*** −11.33*** −8.326*** −13.302*** — — — — 

CCIPCA 0.093*** [0.023] −8.199*** −11.209*** −5.47*** −9.268*** 7.307*** 10.126*** 8.888*** 15.179*** 

FCSA — −8.166*** −11.077*** −5.974*** −10.663*** 3.376*** −1.041 4.547*** 9.602*** 

FCMSE — −8.167*** −11.079*** −6.004*** −10.698*** 3.313*** −1.211 4.505*** 9.546*** 

FCBMA — −8.034*** −10.900*** −4.090*** −8.234*** 3.491*** 0.962 5.240*** 10.039*** 

FCLS — −4.658*** −6.571*** −5.348*** −8.750*** −4.395*** −6.226*** −5.119*** −8.373*** 

Note: The table contains the in‐sample predictability with coefficient estimates and corresponding standard errors (2nd Column) and the modified Diebold and Mariano 
Statistic for the out‐of‐sample forecast (Columns 3–10) for different exogeneous‐based GARCH‐MIDAS model variants. The predictors included GECON; CCIUS_Agg; 
CCIPCA obtained from principal component analysis of the 50 state‐level CCIs; and four additional variants based on different forecast combinations (FCSA—Simple 
averaging, FCMSE—Mean square error weights, FCBMA—Information theoretics (BIC) weights, and FCLS—Least squares) of the predicted natural gas returns from the 50 
US states specific CCIs. The modified Diebold and Mariano Statistics show the performance stances of our uncertainty‐based GARCH‐MIDAS models in comparison with 
the stated benchmarks (GARCH‐MIDAS‐GECON (Columns 3–6) and GARCH‐MIDAS‐US_CCI (Columns 7–10)). Significantly negative DM* statistic indicates preference 
for our uncertainty‐based GARCH‐MIDAS model over the benchmark, and conversely when the DM* is significantly positive. Non‐significant DM* is suggestive of no 
marked differences in the precision of the contending models for stock prediction. 
The level of significance at 1%, 5%, and 10% are denoted by ***, **, and *, respectively.  
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heterogeneous information sources from state‐level CCIs can 
yield more reliable forecasts than relying solely on the overall 
US CCI. 

4.3 | Economic Significance 

Following the establishment of both in‐sample and out‐of‐ 
sample forecasting superiority from incorporating CCIs as pre-
dictors of natural gas futures price volatility relative to a mea-
sure of global economic conditions, the next logical step is to 
evaluate the economic relevance of the established statistical 
findings. This stage goes beyond statistical validation to deter-
mine whether the inclusion of climate concerns index (US 
aggregate and PCA factor obtained from the 50 US state‐level 
CCIs) in the GARCH‐MIDAS framework and the combination 
of the forecasts from the GARCH‐MIDAS model incorporating 
each of the 50 US state‐level CCIs, translate into tangible utility 
gains for investors. In other words, while statistical tests such as 
the modified Diebold‐Mariano (DM*) confirm predictive accu-
racy, economic significance assesses whether these improved 
forecasts actually enhance portfolio performance and investor 
decision‐making. 

To achieve this, we adopt a mean‐variance utility framework, 
where a representative investor allocates wealth between a risky 
asset (the natural gas futures market) and a risk‐free asset (US 
3‐month Treasury bill rate, derived from the FRED database of 
the Federal Reserve Bank of St. Louis). The optimal portfolio 
weight, wt , assigned to the risky asset depends on the 
investor's degree of risk aversion, leverage ratio, and the fore-
casted volatility of the risky asset as defined in Equation (4) as: 

w r r= 1 ˆ + ( 1) ˆ
ˆ

,t
t t

f

t

+1 +1
2

+1
2 (4) 

where denotes the risk aversion coefficient; the model as-
sumes leverage ratios of = 6 and = 8, consistent with a 10% 
margin typically used in financial markets, while the realized 

volatility forecasts, r̂t+1, at time t + 1 are obtained from the 
GARCH‐MIDAS model variants under evaluation and/or the 
forecast combinations; and ˆ t+1

2 denotes return volatility esti-
mate, obtained as a 20‐day moving window of monthly returns. 
This set‐up allows us to quantify how much benefit an investor 
gains from more accurate volatility forecasts driven by different 
climate concerns indicators and/or their forecast combinations. 
The economic significance of each exogeneous predictor‐based 
GARCH‐MIDAS specification is then evaluated by maximizing 
an investor's expected utility, defined in Equation (5), taking 
into account both returns and associated risks. 

U R E R R w r r

w r w

( ) = ( ) 0.5(1/ )Var( ) = ( )

+ (1 ) 0.5(1/ ) ,
p p p f

f 2 2 2
(5) 

where R wVar( ) =p 2 2 2 is the variance of the portfolio return; 
2 denotes excess return volatility; Rp is the portfolio return 

defined as R w r r w r= ( ) + (1 )p
f f . 

The comparison focuses on the portfolio's expected return, 
variance, and Sharpe ratio R r RSR = ( )/Var( )p

f
p metrics that 

reflect the trade‐off between risk and reward. Models yielding 
higher returns, higher Sharpe ratios, and lower volatility are 
deemed more economically meaningful. Ultimately, this ex-
ercise bridges the gap between statistical performance and real‐ 
world applicability. It confirms that climate concerns index, 
when incorporated into volatility forecasting models, not only 
improve predictive accuracy but also provides information that 
guides investors in risk management and portfolio optimiza-
tion. This underscores the broader financial relevance of inte-
grating climate‐related indicators into energy‐pricing and 
volatility modeling frameworks. 

We present the results of the economic significance analysis for 
the competing predictive models across the four natural gas 
futures prices, evaluated under five distinct comparison 
frameworks. First, we assess the economic gains of the GARCH‐ 
MIDAS‐CCIUS_Agg model relative to the GARCH‐MIDAS‐ 
GECON benchmark in Table 4. Second, we compare the 

TABLE 4 | Economic significance results (aggregate US CCI vs. GECON (benchmark)).          

Predictor 
and= 3 = 6 and= 3 = 8

Returns Volatility CER Sharpe ratio Returns Volatility CER Sharpe ratio  

NG futures 1 
GECON 12.326 5.700 12.326 4.389 15.246 10.135 15.246 4.209 
CCIUS_Agg 12.523 6.545 12.523 4.172 15.503 11.639 15.503 4.002 

NG futures 2         
GECON 13.192 4.167 13.192 5.557 16.360 7.409 16.360 5.331 
CCIUS_Agg 14.302 4.864 14.302 5.647 17.783 8.648 17.783 5.419 

NG futures 3 
GECON 14.649 7.553 14.648 4.658 18.227 13.429 18.227 4.470 
CCIUS_Agg 15.369 8.791 15.369 4.560 19.153 15.630 19.153 4.377 

NG futures 4 
GECON 15.079 7.220 15.079 4.924 18.786 12.836 18.786 4.728 
CCIUS_Agg 15.331 8.524 15.331 4.618 19.111 15.154 19.111 4.435 

Note: The table contains the economic significance result of the contending models; with the figures in bold fonts indicating cases where GARCH‐MIDAS‐CCIUS_Agg yields 
more gains than the benchmark model GARCH‐MIDAS‐GECON. The feat is considered under different scenarios of the natural gas futures and leverage parameters.  
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GARCH‐MIDAS‐CCIPCA model against the GARCH‐MIDAS‐ 
GECON model in Table 5. Third, we evaluate the forecast 
combination models relative to the GARCH‐MIDAS‐GECON 
benchmark in Table 6. Fourth, we compare the GARCH‐ 
MIDAS‐CCIPCA model with the GARCH‐MIDAS‐ CCIUS_Agg in 
Table 7. Finally, we examine the forecast combination models 
in comparison with the GARCH‐MIDAS‐ CCIUS_Agg model in 
Table 8. This structured comparison framework enables a 
comprehensive assessment of the relative economic perform-
ance of the competing GARCH‐MIDAS model variants across 
different predictive and aggregation approaches. 

Economic significance tests, measured with the certainty 
equivalent returns (CER) and utility‐based gains, reinforce the 
earlier presented statistical findings. The Least Squares forecast 
combination (FCLS) method delivers the highest utility gains 
across forecast horizons (see results for all four natural gas fu-
tures in Tables 6 and 8), confirming that it provides superior 
risk‐adjusted performances. Both PCA‐based CCI and US CCI 
show weaker economic gains relative to GECON (see results in 
Tables 4 and 5), indicating limited incremental value despite 
their statistical predictability. The comparison between the US 
CCI and the PCA‐based CCI yields nuanced results (Table 7). 
While the GARCH‐MIDAS‐CCIUS_Agg model provides supe-
rior economic gains for longer‐dated futures (NG 3 and 4), the 
GARCH‐MIDAS‐CCIPCA model shows marginally better per-
formance for short‐dated futures (NG 1 and 2). This mixed 
outcome suggests that while the PCA extraction process effec-
tively captures the relevant information for short‐term con-
tracts, it may dilute the specific predictive content required for 
longer‐term volatility. This highlights the potential pitfalls of 
dimension‐reduction techniques when applied to highly corre-
lated sentiment variables; and a warning to apply it cautiously. 

In summary, the results on predictability, forecast performance, 
and economic significance reveal three key insights. First, the 
volatility‐dampening effect of GECON underscores the impor-
tance of maintaining stable macroeconomic conditions through 
consistent policy measures. Second, the volatility‐amplifying 
influence of the CCIs indicates that natural gas market 

fluctuations are increasingly shaped by sentiment‐driven 
responses to climate‐related risks. Finally, the superior per-
formance of the least‐squares forecast combination highlights 
the advantage of adaptive, data‐driven model integration in 
capturing uncertainty dynamics more effectively than aggregate 
macro‐sentiment indicators. So, while combining the informa-
tion of state‐level CCIs are important to capture the heteroge-
neity of the natural gas dependence of the state being reflected 
in overall volatility of the natural gas market relative to the 
GECON, the statistical and economic gains compared to the 
overall US CCI requires a specific form of forecast combination 
method. 

5 | Conclusion 

The objective of this paper is to predict daily natural gas futures 
price volatility based on the aggregate US and state‐level 
monthly metrics of climate concern, which capture both phys-
ical and transition risks of climate change using the GARCH‐ 
MIDAS framework. We show that the climate concern indexes 
for the overall US and a principal component combining the 
information of the state‐level climate concerns translates into 
higher volatility of the natural gas market, based on an in‐ 
sample analysis. But, more importantly, these indexes, whether 
the overall or the combined principal component version, can 
produce forecasting gains compared to a benchmark GARCH‐ 
MIDAS model that incorporates the role of an indicator of 
global economic activity. Furthermore, when we consider four 
different forecast combination approaches to incorporate the 
state‐level climate concerns, our superior forecasting gains rel-
ative to the benchmark continues to hold. In addition, the 
forecast combination method relying on least squares weighting 
of the state‐level climate concerns outperforms the forecasts of 
the model relying on the aggregate US climate concern. Inter-
estingly, the statistical evidence also translates into economic 
(utility) gains under the forecast combination strategy, even 
when the aggregate US climate concern measure fails to depict 
the same relative to the benchmark model that contains the role 

TABLE 5 | Economic significance results (PCA‐based CCI vs. GECON (benchmark)).          

Predictor 
and= 3 = 6 and= 3 = 8

Returns Volatility CER Sharpe ratio Returns Volatility CER Sharpe ratio  

NG futures 1 
GECON 12.326 5.700 12.326 4.389 15.246 10.135 15.246 4.209 
CCIPCA 12.777 6.524 12.777 4.279 15.827 11.600 15.827 4.104 
NG futures 2 
GECON 13.192 4.167 13.192 5.557 16.360 7.409 16.360 5.331 
CCIPCA 14.494 4.913 14.494 5.705 18.029 8.736 18.029 5.474 
NG futures 3 
GECON 14.649 7.553 14.648 4.658 18.227 13.429 18.227 4.470 
CCIPCA 15.410 9.047 15.410 4.509 19.204 16.084 19.204 4.328 
NG futures 4 
GECON 15.079 7.220 15.079 4.924 18.786 12.836 18.786 4.728 
CCIPCA 15.314 8.617 15.314 4.587 19.087 15.320 19.087 4.404 

Note: The table contains the economic significance result of the contending models; with the figures in bold fonts indicating cases where GARCH‐MIDAS‐CCIPCA yields 
more gains than the benchmark model, GARCH‐MIDAS‐GECON. The feat is considered under different scenarios of the natural gas futures and leverage parameters.  
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TABLE 6 | Economic significance results (CCI forecast combinations vs. GECON (benchmark)).          

Predictor 
and= 3 = 6 and= 3 = 8

Returns Volatility CER Sharpe ratio Returns Volatility CER Sharpe ratio  

NG futures 1 
GECON 12.326 5.700 12.326 4.389 15.246 10.135 15.246 4.209 
FCSA 12.952 6.638 12.952 4.310 16.052 11.804 16.052 4.134 
FCMSE 12.942 6.609 12.942 4.315 16.039 11.752 16.039 4.140 
FCBMA 12.416 6.310 12.416 4.207 15.362 11.220 15.362 4.034 
FCLS 17.039 1.486 17.039 12.463 21.384 2.641 21.384 12.020 
NG futures 2 
GECON 13.192 4.167 13.192 5.557 16.360 7.409 16.360 5.331 
FCSA 14.969 5.082 14.968 5.820 18.637 9.036 18.637 5.585 
FCMSE 14.915 5.045 14.915 5.818 18.569 8.969 18.569 5.583 
FCBMA 14.066 4.862 14.066 5.541 17.482 8.645 17.482 5.317 
FCLS 18.027 0.850 18.027 17.552 22.652 1.511 22.652 16.927 
NG futures 3 
GECON 14.649 7.553 14.648 4.658 18.227 13.429 18.227 4.470 
FCSA 15.598 9.074 15.598 4.565 19.446 16.133 19.446 4.381 
FCMSE 15.572 9.026 15.572 4.568 19.412 16.047 19.412 4.385 
FCBMA 16.142 9.849 16.142 4.555 20.142 17.510 20.142 4.372 
FCLS 15.976 0.968 15.976 14.361 20.011 1.721 20.011 13.847 
NG futures 4 
GECON 15.079 7.220 15.079 4.924 18.786 12.836 18.786 4.728 
FCSA 15.345 8.702 15.345 4.575 19.129 15.471 19.129 4.393 
FCMSE 15.345 8.701 15.345 4.576 19.129 15.469 19.128 4.394 
FCBMA 15.376 8.849 15.376 4.547 19.167 15.733 19.167 4.366 
FCLS 16.775 0.639 16.775 18.678 21.041 1.135 21.041 18.012 

Note: The table contains the economic significance result of the contending models; with the figures in bold fonts indicating cases where the row‐named forecast 
combination method (FCSA, FCMSE, FCBMA, and FCLS) yields more gains than the specified benchmark GARCH‐MIDAS‐GECON. The feat is considered under different 
scenarios of natural gas futures and leverage parameter.  

TABLE 7 | Economic significance results (PCA‐based CCI vs. aggregate US CCI (benchmark)).          

Predictor 
and= 3 = 6 and= 3 = 8

Returns Volatility CER Sharpe ratio Returns Volatility CER Sharpe ratio  

NG futures 1 
CCIUS_Agg 12.523 6.545 12.523 4.172 15.503 11.639 15.503 4.002 

CCIPCA 12.777 6.524 12.777 4.279 15.827 11.600 15.827 4.104 
NG futures 2 
CCIUS_Agg 14.302 4.864 14.302 5.647 17.783 8.648 17.783 5.419 

CCIPCA 14.494 4.913 14.494 5.705 18.029 8.736 18.029 5.474 
NG futures 3 
CCIUS_Agg 15.369 8.791 15.369 4.560 19.153 15.630 19.153 4.377 

CCIPCA 15.410 9.047 15.410 4.509 19.204 16.084 19.204 4.328 
NG futures 4 
CCIUS_Agg 15.331 8.524 15.331 4.618 19.111 15.154 19.111 4.435 

CCIPCA 15.314 8.617 15.314 4.587 19.087 15.320 19.087 4.404 

Note: The table contains the economic significance result of the contending models; with the figures in bold fonts indicating cases where the GARCH‐MIDAS‐CCIPCA
yields more gains than the benchmark model, GARCH‐MIDAS‐CCIUS_Agg. The feat is considered under different scenarios of natural gas futures and leverage parameter.  
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of the global economic conditions. In other words, we show that 
while overall climate concerns of the US matter in accurately 
forecasting the volatility of natural gas prices, the same can be 
improved by a specific approach of combining state‐level dis-
aggregated climate concerns, to the extent that the gains stretch 
beyond statistical evidence and into utility of an investor. 
Hence, our findings support the hypothesis that state‐level cli-
mate concerns can play a relatively more important role than 
that of the overall US, as they are able to mimic heterogeneous 
demand and supply conditions, given their degree of depen-
dence on natural gas, due to varied exposures of the states to 
physical and transition climate risks. 

These results offer three critical insights into the dynamics of the 
natural gas market. First, the observed volatility‐dampening 
effect of global economic conditions underscores the necessity of 
stable macroeconomic frameworks for market predictability. 
Second, the volatility‐amplifying influence of climate concern 
indexes (CCIs) demonstrates that natural gas price fluctuations 
are increasingly driven by sentiment‐based responses to en-
vironmental risks. Finally, the superior performance of the least‐ 
squares forecast combination highlights the efficacy of using 
disaggregated, state‐level data to capture the nonuniform impacts 

of climate uncertainty more effectively than national aggregate 
indicators. 

6 | Discussion and Implications 

Our findings have important implications for investors in the 
natural gas market because investments in this sector are now 
considered as alternative opportunities to traditional financial 
assets due to its financialization. Hence, having accurate fore-
casts of the future path of the volatility of natural gas returns 
emanating from physical and transition risks of climate change 
is of tremendous importance for market participants, who need 
volatility forecasts as key inputs to their investment decisions 
and portfolio decisions. At the same time, given the evidence of 
the role of the variability of natural gas price in impacting 
economic activity (Hailemariam and Smyth 2019), ensuring 
stability of natural gas prices is of tremendous importance to 
policymakers as well, and herein accurate forecasts of the 
uncertainty surrounding the future path of natural gas prices 
would be of immense help to authorities to determine appro-
priate policy responses to prevent possible recessionary impacts. 
But this, in turn, requires reducing climate concerns in the first 

TABLE 8 | Economic significance results (CCI forecast combinations vs. aggregate US CCI (benchmark)).          

Predictor 
and= 3 = 6 and= 3 = 8

Returns Volatility CER Sharpe ratio Returns Volatility CER Sharpe ratio  

NG futures 1 
CCIUS_Agg 12.523 6.545 12.523 4.172 15.503 11.639 15.503 4.002 

FCSA 12.952 6.638 12.952 4.310 16.052 11.804 16.052 4.134 
FCMSE 12.942 6.609 12.942 4.315 16.039 11.752 16.039 4.140 
FCBMA 12.416 6.310 12.416 4.207 15.362 11.220 15.362 4.034 
FCLS 17.039 1.486 17.039 12.463 21.384 2.641 21.384 12.020 
NG futures 2 
CCIUS_Agg 14.302 4.864 14.302 5.647 17.783 8.648 17.783 5.419 

FCSA 14.969 5.082 14.968 5.820 18.637 9.036 18.637 5.585 
FCMSE 14.915 5.045 14.915 5.818 18.569 8.969 18.569 5.583 
FCBMA 14.066 4.862 14.066 5.541 17.482 8.645 17.482 5.317 
FCLS 18.027 0.850 18.027 17.552 22.652 1.511 22.652 16.927 
NG futures 3 
CCIUS_Agg 15.369 8.791 15.369 4.560 19.153 15.630 19.153 4.377 

FCSA 15.598 9.074 15.598 4.565 19.446 16.133 19.446 4.381 
FCMSE 15.572 9.026 15.572 4.568 19.412 16.047 19.412 4.385 
FCBMA 16.142 9.849 16.142 4.555 20.142 17.510 20.142 4.372 
FCLS 15.976 0.968 15.976 14.361 20.011 1.721 20.011 13.847 
NG futures 4 
CCIUS_Agg 15.331 8.524 15.331 4.618 19.111 15.154 19.111 4.435 

FCSA 15.345 8.702 15.345 4.575 19.129 15.471 19.129 4.393 
FCMSE 15.345 8.701 15.345 4.576 19.129 15.469 19.128 4.394 
FCBMA 15.376 8.849 15.376 4.547 19.167 15.733 19.167 4.366 
FCLS 16.775 0.639 16.775 18.678 21.041 1.135 21.041 18.012 

Note: The table contains the economic significance result of the contending models; with the figures in bold fonts indicating cases where the row‐named forecast 
combination method (FCSA, FCMSE, FCBMA, and FCLS) yields more gains than the specified benchmark GARCH‐MIDAS‐CCIUS_Agg. The feat is considered under different 
scenarios of natural gas futures and leverage parameter.  
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place by undertaking and communicating clear‐cut policies that 
combat climate change.  
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Endnotes 
1Heightened physical risks reflected in the rise in the CCI are likely to 
negatively influence production, that is, supply, through possible 
destruction of infrastructure and supply‐chain delays, while increased 
transition risks driving CCIs could enhance demand, and hence, 
production. 

2The state‐level CCIs are likely to be associated with localized search 
intensity, which may be driven by demographic, political, or media‐ 
specific factors rather than shifts in actual consumption patterns, pro-
duction shocks, or regulatory changes relevant for national pricing. 
Given this, we estimated a panel data model over the annual period of 
2004 to 2024, whereby we regressed the state‐level CCIs on corre-
sponding natural gas dependence, population as a percentage of total 
population, and a dummy variable taking a value of one (zero) when US 
states are categorized as urban (rural). The results revealed a positive 
and statistically significant (at the 1% level) association between natural 
gas dependence and CCI, as well as the same for population share. In 
other words, state‐level CCI goes beyond demograph and internet access 
(proxied via the rural‐urban categorization) to reflect demand‐supply 
conditions of the natural gas market. 

3Note that, Çepni et al. (2022) provided a similar line of reasoning for 
the oil market when highlighting the importance of state‐level gen-
eral economic uncertainties over the national one. 

4The data is downloaded from: https://www.eia.gov/dnav/ng/ng_pri_ 
fut_s1_d.htm. 

5Data is accessed from: https://sites.google.com/site/cjsbaumeister/ 
datasets?authuser=0. 

6The data can be downloaded from: https://policyuncertainty.com/ 
cci.html. 

7As can be seen from the results reported in Tables A1–A4 in the 
Appendix of the paper, there are only 1, 2, 2, and 13 cases for the NG 
Futures 1, 2, 3, and 4, where the effect of CCI is negative in a sta-
tistically significant manner. 

8This finding is not surprising, given that in majority of the cases the 
state‐level CCIs strongly outperform the GECON, as can be seen from 

Tables A1–A4 in the Appendix, barring 12 and 9 cases under Futures 
1 and 2, respectively. But, in general, states with high (low) natural 
gas dependence, corresponding to primarily consumers (producers) 
of natural gas, such as Connecticut, Florida and New York (West 
Virginia, New Mexico and Wyoming), consistently outperforms their 
corresponding benchmark (i.e., the GARCH‐MIDAS‐GECON) model. 
The same also holds for states like Texas, Louisiana and Pennsylva-
nia, which are among the top 5 states both in terms of consumption 
and production of natural gas (See: https://www.eia.gov/tools/faqs/ 
faq.php). These results suggest that climate sentiment impact natural 
gas market volatility through both supply and demand channels, and 
highlights the importance of disaggregated information captured by 
the state‐level CCIs corresponding to the heterogeneous energy pro-
files established in our preliminary data. 

9See, Table C1 in Appendix C for a Monte Carlo simulation in this 
regard. In addition, we found that, the cross‐sectional correlation, 
details available upon request from the authors, between the LS 
weights for the forecast combination of the state‐level CCIs across the 
four futures prices and the corresponding mean of natural gas pro-
duction and consumption shares, as well as its dependence, were all 
found to be positive. Moreover, we conducted a forecasting exercise, 
where we compared an index which is based on natural gas depen-
dence weighted CCIs of each state (Index 1), with Index 2 which is 
weighted by state‐level population shares, with Index 3 based on 
equal weights of the CCIs of each states, and finally the CCI of the 
overall US. As shown in Table C2 in Appendix C, Index 1 consistently 
outperforms all these four indexes, highlighting the importance of 
accounting for information of state‐level CCIs due to varied natural 
gas dependence, when forecasting natural gas futures price volatility. 
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Appendix   

TABLE A1 | In‐sample predictability and out‐of‐sample forecast evaluation using the modified Diebold‐Mariano test statistic for NG futures 1 
based on state‐level CCIs.       

Predictor In‐sample predictability 
Modified DM statistics (benchmark: GECON) 

h = 20 h = 60 h = 120 h = 240
GECON −1.0299*** [0.1756]         

CCIUS_Agg 0.3*** [0.0973] −7.9855*** −10.0486*** −12.2972*** −12.2326*** 

Alabama 0.878*** [0.2988] 2.1208** −3.6714*** −7.3346*** −4.4507*** 

Alaska 0.7052*** [0.1696] −8.5887*** −10.4039*** −12.6371*** −13.4768*** 

Arizona 0.5084*** [0.1028] −2.5187** −7.3306*** −10.1858*** −4.4482*** 

Arkansas 1.4772*** [0.5603] −6.9863*** −9.1636*** −9.7531*** −3.5116*** 

California 0.5898*** [0.1385] 6.1388*** 7.4586*** 2.1876** 5.9907*** 

Colorado 0.3443*** [0.0904] −8.6147*** −10.5796*** −12.3717*** −13.6449*** 

Connecticut 0.6924*** [0.2005] −8.5232*** −10.5782*** −12.7905*** −14.0481*** 

Delaware 0.5469* [0.3181] −8.2542*** −10.2771*** −12.5829*** −14.8339*** 

Florida 0.4665*** [0.1002] −5.7696*** −8.8439*** −11.5716*** −9.9998*** 

Georgia 0.4099*** [0.1052] −4.5212*** −8.3946*** −11.1426*** −7.1403*** 

Hawaii 0.5704*** [0.2002] 4.5265*** 3.0628*** 1.3205 6.8423*** 

Idaho 0.5773*** [0.2067] 5.6061*** 2.5868** −0.7005 3.6992*** 

Illinois 0.3354*** [0.0888] −6.2503*** −9.1548*** −11.7074*** −10.4942*** 

Indiana 0.434*** [0.0982] −7.1373*** −9.5875*** −10.1277*** −4.3938*** 

Iowa 0.8111*** [0.2321] 5.7448*** 7.9882*** 9.0616*** 7.9269*** 

Kansas 0.6494*** [0.2338] 6.5953*** 8.8061*** 7.5752*** 5.6207*** 

Kentucky 0.7365*** [0.1347] −7.3878*** −9.7253*** −12.1956*** −9.4095*** 

Louisiana 0.6163*** [0.1306] −8.5564*** −10.4493*** −12.6502*** −15.0696*** 

Maine −0.2613** [0.1317] −2.5624** −7.0694*** −9.5708*** −11.0253*** 

Maryland 0.6818*** [0.1562] −8.5872*** −10.6329*** −12.7685*** −13.1332*** 

Massachusetts 0.59*** [0.126] −6.869*** −9.508*** −11.7333*** −6.2645*** 

Michigan 0.4253*** [0.0995] −7.8347*** −9.8995*** −12.3107*** −12.4552*** 

Minnesota 0.0354 [0.0932] 5.4328*** 1.8934* −1.6085 1.469 

Mississippi 0.895*** [0.22] 5.0469*** 5.8423*** 4.1759*** 1.1449 

Missouri 0.4846*** [0.1279] −3.1274*** −7.7092*** −10.3402*** −8.8496*** 

Montana 0.6098* [0.3261] 3.0619*** −2.9766*** −6.4017*** −0.5524 

Nebraska 0.5608** [0.223] 4.2659*** 1.8018* 1.347 4.4901*** 

Nevada 0.5622** [0.2617] 5.6822*** 4.5399*** 4.9667*** 6.1335*** 

New Hampshire 0.3884 [0.3215] 6.4974*** 1.7314* −0.2481 −4.2899*** 

New Jersey 0.706*** [0.1769] 2.5846** −2.1165** −2.8394*** 3.1083*** 

New Mexico 1.0343*** [0.3274] 2.1837** −3.1087*** −5.884*** 1.0756 

New York 0.0345 [0.0855] 3.4588*** −1.4539 −3.6358*** −0.0291 

North Carolina 0.6948*** [0.2075] 5.9257*** 8.5543*** 11.8816*** 10.6371*** 

North Dakota 1.1482*** [0.3601] 6.5259*** 8.2137*** 11.7916*** 12.4195*** 

Ohio 0.3298*** [0.0884] −8.5545*** −10.5391*** −12.762*** −14.7367*** 

Oklahoma 0.3192*** [0.1088] −6.9856*** −9.3258*** −12.0385*** −11.7783*** 

Oregon 0.3932*** [0.1146] 0.8318 −5.0031*** −8.1698*** −2.471** 

Pennsylvania 0.3745*** [0.0959] −8.4995*** −10.4577*** −12.6736*** −13.7658*** 

(Continues) 
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TABLE A1 | (Continued)       

Predictor In‐sample predictability 
Modified DM statistics (benchmark: GECON) 

h = 20 h = 60 h = 120 h = 240

Rhode Island 0.5119* [0.2792] −7.1134*** −8.1589*** −9.3211*** −12.0182*** 

South Carolina 0.7369*** [0.277] 5.6114*** 4.9587*** 7.8595*** 8.8078*** 

South Dakota 0.1404 [0.28] −5.4293*** −8.5641*** −11.5867*** −12.5514*** 

Tennessee 0.6778*** [0.1326] −1.9426* −6.9431*** −9.7445*** −6.7329*** 

Texas −0.0923 [0.0916] −8.4933*** −10.8229*** −12.9369*** −15.7302*** 

Utah 0.9693*** [0.1918] 5.2091*** 1.7841* −1.9184* 1.8962* 

Vermont −0.4835*** [0.1471] −6.0718*** −6.2305*** 0.9659 −1.8527* 

Virginia −0.1598 [0.1425] −4.0215*** −7.9614*** −10.9244*** −11.8848*** 

Washington 0.585*** [0.1123] −4.6279*** −8.2833*** −11.1428*** −5.8233*** 

West Virginia 0.4523* [0.2575] 3.7275*** −1.0666 −3.1332*** 1.3763 

Wisconsin 0.5642*** [0.1481] −8.3117*** −10.1189*** −12.0435*** −12.7874*** 

Wyoming 0.8092** [0.3584] 7.9082*** −2.2114** −5.7277*** 1.372 

Note: The table contains the in‐sample predictability with coefficient estimates and corresponding standard errors (2nd Column) and the modified Diebold and Mariano 
Statistic for the out‐of‐sample forecast (Columns 3–6). The modified Diebold and Mariano Statistics show the performance stances of our uncertainty‐based GARCH‐ 
MIDAS models in comparison with the stated benchmark (GARCH‐MIDAS‐GECON (Columns 3–6)). Significantly negative DM* statistic indicates preference for our 
uncertainty‐based GARCH‐MIDAS model over the benchmark, and conversely when the DM* is significantly positive. Non‐significant DM* is suggestive of no marked 
differences in the precision of the contending models for stock prediction. 
The level of significance at 1%, 5%, and 10% are denoted by ***, **, and *, respectively.  

TABLE A2 | In‐sample predictability and out‐of‐sample forecast evaluation using the modified Diebold‐Mariano test statistic for NG futures 2 
based on state‐level CCIs.       

Predictor In‐sample predictability 
Modified DM statistics (benchmark: GECON) 

h = 20 h = 60 h = 120 h = 240
GECON −1.1369*** [0.1228]         

CCIUS_Agg 0.3954*** [0.0892] −4.7186*** −8.3884*** −10.9489*** −12.771*** 

Alabama 1.0984*** [0.2062] 2.6768** −3.2396*** −5.4096*** −4.1482*** 

Alaska 0.6974*** [0.18] −7.5401*** −9.3971*** −11.5391*** −13.322*** 

Arizona 0.619*** [0.0834] 0.5735 −5.5372*** −8.7091*** −4.4927*** 

Arkansas 2.0389*** [0.6023] −3.1248*** −7.5462*** −7.0458*** −2.7079*** 

California 0.7743*** [0.1133] 4.3074*** 0.8283 1.649 5.041*** 

Colorado 0.3949*** [0.087] −7.2969*** −9.4656*** −11.34*** −13.8164*** 

Connecticut 0.7681*** [0.1883] −7.8449*** −10.2238*** −12.0154*** −14.7009*** 

Delaware 0.6545** [0.2639] −1.6617 −6.8444*** −7.5423*** −6.834*** 

Florida 0.5603*** [0.094] −2.0042* −7.1501*** ‐9.9467*** −10.1846*** 

Georgia −0.0611 [0.1006] 0.4503 −5.6154*** −−8.1237*** −8.7798*** 

Hawaii 2.6869*** [0.7099] 0.7918 −5.1059*** −6.9743*** −0.4923 

Idaho 0.6695*** [0.2361] 4.3764*** −0.5581 −2.767*** 0.4191 

Illinois 0.4011*** [0.0877] −2.1018** −7.2538*** −10.0809*** −10.7737*** 

Indiana 0.6739*** [0.1731] 3.0132*** −2.4909** −4.8382*** −1.5522 

Iowa 0.999*** [0.1919] 4.7761*** 5.0485*** 7.4778*** 7.7015*** 

Kansas 0.9033*** [0.1995] 5.4456*** 5.0888*** 4.8172*** 3.5578*** 

Kentucky 0.855*** [0.1171] −4.7455*** −8.4807*** −10.7528*** −10.0539*** 

Louisiana 0.713*** [0.1292] −7.5818*** −9.6341*** −11.6783*** −15.0457*** 

Maine ‐0.2646* [0.1352] −0.9642 −6.4023*** −8.3065*** −10.4755*** 

(Continues) 
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TABLE A2 | (Continued)       

Predictor In‐sample predictability 
Modified DM statistics (benchmark: GECON) 

h = 20 h = 60 h = 120 h = 240

Maryland 0.753*** [0.1443] −7.6485*** −9.7116*** −11.7346*** −12.5001*** 

Massachusetts 0.7308*** [0.0935] −4.5585*** −8.4791*** −10.753*** −6.6027*** 

Michigan 0.4898*** [0.0944] −5.7543*** −8.8315*** −11.2256*** −12.8893*** 

Minnesota −0.0162 [0.1186] 2.7884** −3.0734*** −6.212*** −3.9182*** 

Mississippi 0.9907*** [0.1404] 4.3181*** 0.7999 −0.0741 −0.3189 

Missouri 0.5993*** [0.1246] −0.4829 −6.3136*** −9.3536*** −9.8359*** 

Montana 0.5676* [0.3147] 0.2205 −5.7885*** −8.0533*** −6.1511*** 

Nebraska 0.7819*** [0.1932] 4.4926*** 1.374 1.6326 4.6711*** 

Nevada 0.5664** [0.2368] 4.3015*** −0.0535 −0.6474 2.1627** 

New Hampshire 0.5464 [0.3335] 5.6992*** 0.459 ‐1.3327 −6.0345*** 

New Jersey 0.7814*** [0.186] 2.3108** −3.4332*** −−3.8884*** 1.1626 

New Mexico 1.3697*** [0.2072] 2.6923** −2.8138*** −4.6831*** 0.7005 

New York −0.078 [0.0861] 3.1149*** −2.823*** −5.0193*** −4.0927*** 

North Carolina 0.7985*** [0.1395] 4.2694*** 1.3315 3.9946*** 7.5535*** 

North Dakota 1.4149*** [0.2388] 5.2991*** 3.6483*** 6.669*** 10.3605*** 

Ohio 0.3983*** [0.0857] −7.6361*** −9.8351*** −11.8429*** −15.0791*** 

Oklahoma 0.4018*** [0.1194] −5.1037*** −8.4459*** −10.984*** −12.7725*** 

Oregon 0.5101*** [0.1295] 1.0094 −5.1742*** −7.5227*** −4.7757*** 

Pennsylvania 0.3949*** [0.1077] −6.7082*** −9.2142*** −11.4796*** −13.5573*** 

Rhode Island 0.6162** [0.3037] −4.6638*** −7.2039*** −6.5243*** −10.1125*** 

South Carolina 0.8049*** [0.1625] 4.3127*** 0.1362 0.5102 4.0198*** 

South Dakota 0.4131 [0.3082] −1.3398 −6.7497*** −9.7605*** −12.2082*** 

Tennessee 0.8119*** [0.1129] 0.5355 −5.5187*** −8.6041*** −7.6535*** 

Texas −0.0394 [0.0863] −7.9326*** −10.3756*** −12.1112*** −15.8693*** 

Utah 1.154*** [0.1318] 4.3077*** −0.4279 −2.4565** 1.4646 

Vermont −0.446*** [0.1413] −1.7411* −5.4099*** 1.2565 −4.6029*** 

Virginia −0.1162 [0.1171] 0.1961 −5.843*** −8.0109*** −10.2804*** 

Washington 0.6968*** [0.0901] −0.2146 −6.1454*** −8.9214*** −5.3349*** 

West Virginia 0.1733 [0.2526] 2.2955** −2.8417*** −4.6875*** −4.1958*** 

Wisconsin 0.7072*** [0.1233] −7.1657*** −9.4032*** −11.2456*** −13.6469*** 

Wyoming 0.6806** [0.3294] 6.7188*** −2.1781** −5.478*** −1.3245 

Note: The table contains the in‐sample predictability with coefficient estimates and corresponding standard errors (2nd Column) and the modified Diebold and Mariano 
Statistic for the out‐of‐sample forecast (Columns 3–6). The modified Diebold and Mariano Statistics show the performance stances of our uncertainty‐based GARCH‐ 
MIDAS models in comparison with the stated benchmark (GARCH‐MIDAS‐GECON (Columns 3–6)). Significantly negative DM* statistic indicates preference for our 
uncertainty‐based GARCH‐MIDAS model over the benchmark, and conversely when the DM* is significantly positive. Nonsignificant DM* is suggestive of no marked 
differences in the precision of the contending models for stock prediction. 
The level of significance at 1%, 5%, and 10% are denoted by ***, **, and *, respectively.  
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TABLE A3 | In‐sample predictability and out‐of‐sample forecast evaluation using the modified Diebold‐Mariano test statistic for NG futures 3 
based on state‐level CCIs.       

Predictor In‐sample predictability 
Modified DM statistic (benchmark: GECON) 

h = 20 h = 60 h = 120 h = 240  

GECON −1.0792*** [0.1171]         

CCIUS_Agg 0.3801*** [0.0819] −7.6406*** −10.2308*** −10.1842*** −13.7711*** 

Alabama 1.1856*** [0.2806] −4.5983*** −8.3551*** −6.9819*** −6.7667*** 

Alaska 0.619*** [0.1771] −7.6975*** −10.3863*** −10.3121*** −13.6735*** 

Arizona 0.5904*** [0.0801] −6.1829*** −9.1911*** −8.7653*** −6.6838*** 

Arkansas 1.8832*** [0.5183] −7.0798*** −9.5199*** −5.1116*** −3.389*** 

California 0.7632*** [0.0993] 3.5176*** −1.0791 −4.465*** 3.1789*** 

Colorado 0.3573*** [0.0857] −7.777*** −10.6054*** −10.1268*** −14.371*** 

Connecticut 0.707*** [0.1799] −7.6443*** −10.7006*** −10.4962*** −14.7363*** 

Delaware 0.873*** [0.2878] −7.6582*** −10.4545*** −10.6562*** −15.2521*** 

Florida 0.5376*** [0.0879] −7.2662*** −9.8213*** −9.6744*** −11.0852*** 

Georgia −0.0992 [0.0895] −6.7364*** −9.5289*** −8.7719*** −10.0558*** 

Hawaii 0.4839* [0.2586] −2.6665** −7.4782*** −5.9502*** −1.7009* 

Idaho 0.6355*** [0.2337] −0.1363 −6.1648*** −5.9663*** −3.1219*** 

Illinois 0.3777*** [0.082] −7.2556*** −9.9242*** −9.5718*** −11.9873*** 

Indiana 0.5978*** [0.1782] −3.3064*** −7.8351*** −6.1666*** −4.7542*** 

Iowa 0.958*** [0.1864] −2.5713** −5.6955*** 0.6686 3.0552*** 

Kansas 0.7859*** [0.1936] 0.213 −5.2206*** −1.5107 −2.0206** 

Kentucky 0.8305*** [0.1118] −7.6445*** −10.355*** −9.5514*** −11.3192*** 

Louisiana 0.6557*** [0.122] −7.6589*** −10.388*** −10.5291*** −15.0427*** 

Maine −0.3128** [0.1238] −6.274*** −8.7199*** −8.4577*** −11.695*** 

Maryland 0.7253*** [0.1456] −7.6666*** −10.5309*** −10.2819*** −12.4685*** 

Massachusetts 0.7046*** [0.0891] −7.6555*** −10.4197*** −9.4287*** −8.7689*** 

Michigan 0.4557*** [0.0918] −7.6654*** −10.323*** −10.1695*** −13.4413*** 

Minnesota −0.1411 [0.1145] 1.3062 −5.2283*** −6.1511*** −3.9547*** 

Mississippi 0.9843*** [0.1421] 0.7992 −5.0337*** −3.4425*** −4.7258*** 

Missouri 0.5353*** [0.1184] −6.8687*** −9.6757*** −9.0226*** −11.174*** 

Montana 0.4184 [0.293] −5.0007*** −8.1855*** −6.7403*** −5.485*** 

Nebraska 0.6842*** [0.1915] −2.5902** −7.3005*** −2.7015*** −0.2186 

Nevada 0.5243** [0.2386] −0.553 −6.3763*** −4.4612*** −2.9921*** 

New Hampshire 0.3819 [0.2926] 4.3084*** −2.5731** −2.6764*** −7.6175*** 

New Jersey 0.7188*** [0.1748] −4.1768*** −8.3006*** −4.9666*** −2.8187*** 

New Mexico 1.3717*** [0.2019] −4.0684*** −8.2296*** −5.8005*** −2.6944*** 

New York −0.0591 [0.0834] −2.3179** −7.3665*** −6.0342*** −6.0785*** 

North Carolina 0.8479*** [0.1348] −1.3967 −6.6638*** −0.4767 3.7275*** 

North Dakota 1.5703*** [0.2558] −5.428*** −8.8541*** −8.0599*** −10.3332*** 

Ohio 0.3681*** [0.0803] −7.7049*** −10.5748*** −10.5745*** −15.184*** 

Oklahoma 0.2837** [0.1192] −7.611*** −8.7891*** −8.6455*** −8.8217*** 

Oregon 0.4371*** [0.1171] −1.0338 −6.7427*** −8.2018*** −3.8525*** 

Pennsylvania 0.3388*** [0.1033] −7.6673*** −10.3805*** −10.2787*** −13.4423*** 

Rhode Island 0.9507*** [0.3392] −7.6639*** −9.377*** −7.6821*** −11.4179*** 

South Carolina 2.0376*** [0.371] −3.157*** −7.7381*** −6.7129*** −7.2179*** 

(Continues) 
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TABLE A3 | (Continued)       

Predictor In‐sample predictability 
Modified DM statistic (benchmark: GECON) 

h = 20 h = 60 h = 120 h = 240  

South Dakota 0.3219 [0.3148] −1.7843* −7.0992*** −6.6653*** −4.7918*** 

Tennessee 0.752*** [0.112] −6.7486*** −9.5522*** −8.1722*** −8.8178*** 

Texas −0.1441* [0.0839] −7.5614*** −10.7278*** −10.7114*** −16.014*** 

Utah 1.1541*** [0.1271] −1.7032 −6.8964*** −5.3071*** −2.7023*** 

Vermont −0.4723*** [0.1387] −6.4909*** −9.705*** −2.2479** −7.6988*** 

Virginia −0.1206 [0.104] −6.0501*** −8.9328*** −8.1585*** −10.4378*** 

Washington 0.6889*** [0.0833] −6.566*** −9.1941*** −8.6872*** −7.7691*** 

West Virginia −0.1383 [0.0871] −3.1886*** −7.9146*** −6.0588*** −6.8196*** 

Wisconsin 0.6498*** [0.1207] −7.7764*** −10.5344*** −10.0389*** −14.2491*** 

Wyoming 0.4892 [0.325] −4.2631*** −8.0987*** −5.9312*** −3.662*** 

Note: The table contains the in‐sample predictability with coefficient estimates and corresponding standard errors (2nd Column) and the modified Diebold and Mariano 
Statistic for the out‐of‐sample forecast (Columns 3–6). The modified Diebold and Mariano Statistics show the performance stances of our uncertainty‐based GARCH‐ 
MIDAS models in comparison with the stated benchmark (GARCH‐MIDAS‐GECON (Columns 3–6)). Significantly negative DM* statistic indicates preference for our 
uncertainty‐based GARCH‐MIDAS model over the benchmark, and conversely when the DM* is significantly positive. Nonsignificant DM* is suggestive of no marked 
differences in the precision of the contending models for stock prediction. 
The level of significance at 1%, 5%, and 10% are denoted by ***, **, and *, respectively.  

TABLE A4 | In‐sample predictability and out‐of‐sample forecast evaluation using the modified Diebold‐Mariano test statistic for NG futures 4 
based on state‐level CCIs.       

Predictor In‐sample predictability 
Modified DM statistic (benchmark GECON) 

h 20= h 60= h 120= h 240=
GECON −1.0778*** [0.0856]         

CCIUS_Agg −0.1785* [0.0985] −8.2146*** −11.3302*** −8.3269*** −13.3031*** 

Alabama 0.7033*** [0.1841] −8.028*** −10.8491*** −4.4165*** −8.5919*** 

Alaska −0.187** [0.0948] −8.1021*** −11.1613*** −8.5231*** −13.3194*** 

Arizona 0.4341*** [0.0806] −8.2031*** −11.031*** −7.3903*** −8.9502*** 

Arkansas 0.5188 [0.3319] −7.4767*** −10.2211*** −4.2972*** −8.0923*** 

California 0.622*** [0.0906] −6.9982*** −10.3397*** −4.7871*** −4.18*** 

Colorado −0.2323** [0.097] −7.818*** −9.2004*** −8.7369*** −11.768*** 

Connecticut −0.2915** [0.1194] −8.0429*** −11.2679*** −10.2978*** −15.3577*** 

Delaware 1.3967*** [0.2622] −8.0381*** −11.1362*** −9.7037*** −14.9111*** 

Florida 0.4229*** [0.0818] −8.1951*** −11.2287*** −6.5208*** −10.8016*** 

Georgia −0.2285*** [0.0863] −8.216*** −11.2057*** −5.4752*** −10.1145*** 

Hawaii 0.3253 [0.2212] −7.7417*** −10.6477*** −3.0937*** −6.0528*** 

Idaho 0.5151** [0.2182] −7.9631*** −10.6864*** −3.7151*** −7.2397*** 

Illinois −0.034 [0.0812] −8.2085*** −11.2683*** −6.5891*** −11.4355*** 

Indiana 0.2349 [0.1692] −7.9093*** −10.7474*** −3.7496*** −7.5623*** 

Iowa 0.4363** [0.1979] −8.1365*** −10.2723*** −0.738 −3.699*** 

Kansas 0.2604 [0.1923] −8.005*** −10.9014*** −2.0943** −6.4397*** 

Kentucky 0.668*** [0.1055] −8.2112*** −11.4189*** −6.8769*** −11.5364*** 

Louisiana −0.2396** [0.1013] −8.0698*** −11.1172*** −8.9805*** −14.2336*** 

Maine −0.4449*** [0.1009] −8.052*** −10.664*** −6.0094*** −11.0871*** 

Maryland 0.5588*** [0.146] −8.0415*** −11.2372*** −8.705*** −13.2675*** 

Massachusetts 0.5738*** [0.0868] −8.2221*** −11.4585*** −7.5657*** −11.0107*** 

(Continues) 
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Appendix B 

Forecast Combination Approaches 

This study employs four distinct forecast combination techniques: the 
Simple Average method, the Mean Squared Error (MSE) weighting 
method, the Bayesian Model Averaging (BMA) approach, and the Least 
Squares (LS) method. These approaches are designed to integrate 
multiple forecasts from the GARCH‐MIDAS framework using state‐ 
level predictors of the Climate Concern Index (CCI). The rationale for 
employing multiple forecast combinations is supported by empirical 
evidence that combining forecasts from diverse models or data sources 
can enhance predictive accuracy and mitigate model‐specific biases. A 
detailed exposition of each combination method is presented below.  

B1. Simple Average‐based Forecast Combination 

The simple average method represents the most straightforward form of 
forecast combination. It involves computing the arithmetic mean of 
state‐level return forecasts generated by the GARCH‐MIDAS model, 
which incorporates the state‐level Climate Concerns Index (CCI) as a 
predictor. This is mathematically defined as 

fc
N

f= 1 ,SA
i

N

i
=1

(B1) 

where i denotes the specific state; f is the returns forecast corre-
sponding to the ith state; and N = 50 is the total number of states in the 

TABLE A4 | (Continued)       

Predictor In‐sample predictability 
Modified DM statistic (benchmark GECON) 

h 20= h 60= h 120= h 240=

Michigan −0.6026*** [0.1213] −8.1869*** −11.2827*** −8.4897*** −13.4165*** 

Minnesota −0.4516*** [0.1289] −8.2443*** −11.1793*** −5.2603*** −9.2388*** 

Mississippi 0.7893*** [0.1588] −7.8862*** −10.806*** −2.7805*** −7.4349*** 

Missouri −0.8094*** [0.1877] −8.2019*** −11.2104*** −6.0096*** −10.9227*** 

Montana 0.0945 [0.2135] −8.0569*** −11.1648*** −2.8395*** −7.1611*** 

Nebraska 0.3262* [0.1817] −8.0127*** −10.9023*** −2.7289*** −6.4056*** 

Nevada 0.3492* [0.2018] −7.7981*** −10.6294*** −3.0223*** −6.7122*** 

New Hampshire 0.1928 [0.2284] −7.8896*** −7.656*** −2.2947** −7.7915*** 

New Jersey 0.5217*** [0.1723] −8.0055*** −10.8888*** −2.9502*** −6.3762*** 

New Mexico 0.9224*** [0.2013] −7.9707*** −10.8568*** −3.5313*** −6.8906*** 

New York −0.0151 [0.0985] −8.0381*** −10.9517*** −3.0319*** −6.2226*** 

North Carolina 0.694*** [0.1385] −7.91*** −10.7339*** −0.3343 −1.224 

North Dakota 1.5007*** [0.236] −7.9809*** −10.826*** −5.4182*** −10.3232*** 

Ohio −0.1174 [0.0916] −8.1604*** −11.3643*** −9.9711*** −14.1011*** 

Oklahoma −0.7951*** [0.1713] −8.1007*** −10.9725*** −5.4434*** −10.0311*** 

Oregon −0.0546 [0.0776] −8.0771*** −10.9258*** −4.5967*** −8.6327*** 

Pennsylvania 0.0863 [0.1069] −8.1195*** −11.1826*** −7.8944*** −12.7262*** 

Rhode Island 4.6221*** [0.5064] −8.1161*** −10.8114*** −5.498*** −10.6495*** 

South Carolina 1.8856*** [0.3413] −8.0018*** −10.7831*** −4.4094*** −8.8867*** 

South Dakota 0.2492 [0.2944] −8.0653*** −10.9081*** −8.454*** −13.5012*** 

Tennessee 0.453*** [0.1158] −8.1405*** −11.0939*** −4.4985*** −8.8696*** 

Texas −0.1776* [0.0937] −7.9698*** −11.2913*** −10.9094*** −16.2963*** 

Utah 0.9702*** [0.1174] −7.9701*** −10.6153*** −3.7086*** −7.2868*** 

Vermont −0.5519*** [0.1302] −7.9856*** −10.9788*** −2.1962** −8.2704*** 

Virginia −0.2968*** [0.0866] −8.0526*** −10.813*** −4.7929*** −9.587*** 

Washington 0.5385*** [0.0822] −8.2625*** −11.1739*** −5.7613*** −9.2492*** 

West Virginia −0.2976* [0.1583] −8.177*** −11.2782*** −9.4562*** −14.4387*** 

Wisconsin 0.2811** [0.1357] −8.1696*** −11.3953*** −10.5577*** −15.4119*** 

Wyoming 0.3156 [0.2771] −8.0422*** −10.8168*** −3.5189*** −6.8846*** 

Note: The table contains the in‐sample predictability with coefficient estimates and corresponding standard errors (2nd Column) and the modified Diebold and 
Mariano Statistic for the out‐of‐sample forecast (Columns 3 ‐ 6). The modified Diebold and Mariano Statistics show the performance stances of our uncertainty‐ 
based GARCH‐MIDAS models in comparison with the stated benchmark (GARCH‐MIDAS‐GECON (Columns 3 ‐ 6)). Significantly negative DM* statistic indicates 
preference for our uncertainty‐based GARCH‐MIDAS model over the benchmark, and conversely when the DM* is significantly positive. Non‐significant DM* is 
suggestive of no marked differences in the precision of the contending models for stock prediction. The level of significance at 1%, 5%, and 10% are denoted by ***, 
**, and *, respectively.  
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US. This approach assigns equal weights to all state‐level forecasts, 
thereby assuming homogeneity in their predictive quality. The meth-
od's simplicity ensures ease of implementation and robustness, par-
ticularly when individual model forecasts exhibit similar accuracy 
levels. However, its limitation lies in its inflexibility to account for 
heterogeneity in model performance across states. By giving identical 
importance to each forecast, the simple average approach may dilute 
the contribution of more accurate models and exaggerate the influence 
of less precise ones. 

B2. Mean Square Error Weight‐based Forecast Combination 

The MSE‐based weighting method introduces differential weighting by 
accounting for each forecast's historical predictive accuracy. Specifi-
cally, forecasts derived from the GARCH‐MIDAS estimations that 
integrate state‐level CCIs as predictors are weighted inversely to their 
mean squared errors (MSE). To ensure that the sum of the weights 
equals 1, the inverted MSE for each state is normalized by the total sum 
of inverse MSEs across all states. Mathematically, the weighting struc-
ture for each state i is defined as: 

w = 1/MSE
1/MSE

,i
i

j
N

j=1
(B2) 

where MSEi represents the historical predictive accuracy of the ith state, 
and N is the total number of states. This normalization ensures that 

w0 1i and w = 1i
N

i=1 , assigning higher relative importance to 
models with lower error variances. 

Mathematically, the weighting structure is defined as: 

fc f w= ,
i

N

i iMSE
=1

(B3) 

where w = mse / msei i i
N

i
1

=1
1 is the computed weight for the ith state 

forecast, such that w = 1i
N

i=1 . This method is premised on the fre-
quentist notion of precision weighting, assigning greater weight 
to forecasts with lower MSEs. Consequently, it acknowledges the 
heterogeneous performance of state‐level models and enhances 
combination efficiency. Despite its empirical strength, the MSE‐ 
based method may still be sensitive to outlier forecasts and MSE 
estimation errors, particularly when the evaluation sample is short or 
volatile. 

B3. Bayesian Model Averaging‐based Forecast Combination 

The Bayesian Model Averaging (BMA) approach provides a probabi-
listic framework for combining forecasts by incorporating model 
uncertainty. Similar to the MSE weighting scheme, BMA assigns 
unequal weights to state‐level forecasts; however, these weights are 
derived from information‐theoretic measures, specifically the Bayesian 
Information Criterion (BIC). Formally, the weighting structure is ex-
pressed as: 

fc f= pmp ,
i

N

i iBMA
=1

(B4) 

where exp BICpmp = (0.5 × (BIC min( )))/ exp(0.5 × (BICi i i
N

i=1
min(BIC))) is the posterior model probability of the ith state, such that 

pmp = 1i
N

i=1 . BMA effectively integrates model evidence into the 
forecast combination process, giving higher posterior probability to 
models with superior in‐sample fit while penalizing model complexity. 
This probabilistic weighting improves the interpretive coherence of the 
combination and guards against overfitting. Nonetheless, its imple-
mentation can be computationally demanding, and results may be 
sensitive to the choice of priors or the BIC's underlying assumptions 
about model error structure. 

B4. Least Squares‐based Forecast Combination 

The Least Squares Combination (LSC) method, introduced by Granger 
and Ramanathan (1984), estimates the optimal combination weights via 
regression. Specifically, the realized returns are regressed on individual 
state‐level forecasts from GARCH‐MIDAS models that incorporate 
CCIs. The specification is given as: 

X bfc = × ,LS (B5) 

where X is an N N× ( + 1) matrix of constant and state‐level forecasts; 
N = 50 is the number of states in the United States; b X X X y= ( ) 1 is 
an N( + 1) × 1 vector of the estimates of the constant term and the 
coefficients associated with the incorporated model predictors (state‐ 
level forecasts). This approach endogenously determines the optimal 
weights that minimize the in‐sample forecast error variance. It is more 
flexible than fixed‐weight methods, as it allows the data to dictate the 
relative importance of each forecast source. 

Monte‐Carlo Experiment for Alternative Forecast Combination 
Methods 

The Monte Carlo experiment is designed to evaluate the finite‐sample 
forecast performance of alternative forecast combination schemes rel-
ative to a linear regression benchmark, using both the mean square 
forecast error ratio and the modified Diebold–Mariano statistic. The 
data‐generating process is calibrated to reflect a realistic environment 
with many potentially informative predictors and cross‐sectional 
dependence. The considered sample size T varies over 
{1000,2000,5000} to examine asymptotic behavior, while each design is 
replicated R = 1000 times to ensure stable inference. A large informa-
tion set of K = 50 individual forecasts is generated, of which only 
K = 40 are truly relevant, capturing a sparse signal structure commonly 
observed in macro‐finance forecasting. Cross‐forecast dependence is 
varied by setting = {0.1, 0.3, 0.5, 0.7 & 0.9} which governs the 
correlation structure of the covariance matrix Σ, while = 1u de-
termines the variance of the idiosyncratic shock in the target variable. 
Forecast evaluation is conducted at horizon h = 1. 

In each replication, a latent common factor yt is drawn from a standard 
normal distribution, and individual forecasts are constructed as noisy 
versions of this factor, with forecast‐specific disturbances jointly distrib-
uted according to Σ. The true target variable is then generated as a convex 
combination of the informative forecasts, where the weight vector as-
signs equal positive mass to the first K0 forecasts and zero weight to the 
remaining ones, normalized to sum to unity. The full sample is split into 
an in‐sample estimation period of length T T=0 and an out‐of‐sample 
evaluation period. Four forecast combination methods are considered: 
simple averaging (SA), inverse–mean‐squared‐error weighting (MSE), 
Bayesian model averaging based on a BIC approximation (BMA), and 
least squares (LS) regression with an intercept, which serves as the 
benchmark. These methods capture different trade‐offs between robust-
ness, adaptiveness, and parameter estimation risk. 

Forecast accuracy is assessed using mean squared forecast errors 
(MSFE) computed over the out‐of‐sample period. To formally compare 
predictive performance, the modified Diebold–Mariano statistic (DM*) 
is used to test each combination method against the LS benchmark. The 
loss differential is defined as the difference between squared forecast 
errors, and the DM* correction adjusts the standard DM statistic for 
small‐sample bias and forecast horizon effects, improving size proper-
ties in finite samples. Average MSFE ratios relative to LS summarize 
economic performance, while mean DM* statistics across replications 
provide statistical evidence on forecast dominance. Overall, the simu-
lation framework allows a controlled assessment of how forecast com-
bination methods perform under high dimensionality, correlated 
predictors, and limited signal strength, thereby offering clear intuition 
on the conditions under which simple or sophisticated combinations 
may outperform regression‐based benchmarks. 
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TABLE C1 | Simulation Results.         

Cross‐correlation ( ) Sample Size 
MSFE ratios (relative to LS) DM* statistics (Benchmark: LS) 

SA MSE BMA SA MSE BMA  

0.1 1000 1.119 1.111 1.508 2.016** 1.923* 5.126*** 

2000 1.161 1.153 1.572 4.008*** 3.889*** 7.962*** 

5000 1.189 1.181 1.626 7.568*** 7.396*** 13.326*** 

0.3 1000 1.076 1.071 1.368 1.428 1.353 4.321*** 

2000 1.117 1.112 1.434 3.269*** 3.174*** 7.033*** 

5000 1.144 1.138 1.483 6.529*** 6.393*** 12.004*** 

0.5 1000 1.034 1.031 1.240 0.716 0.663 3.372*** 

2000 1.073 1.070 1.297 2.357** 2.289** 5.852*** 

5000 1.098 1.095 1.337 5.261*** 5.166*** 10.254*** 

0.7 1000 0.991 0.990 1.111 −0.193 −0.224 1.993** 

2000 1.029 1.028 1.160 1.144 1.105 4.132*** 

5000 1.053 1.052 1.194 3.581*** 3.527*** 7.887*** 

0.9 1000 0.949 0.949 0.988 −1.464 −1.473 −0.351 

2000 0.985 0.985 1.026 −0.745 −0.756 1.063 

5000 1.008 1.008 1.053 0.812 0.798 3.739*** 

Note: The table contains results of the mean square forecast error ratios and the modified Diebold and Mariano statistics comparing the contending methods to the least 
squares. MSFE values greater than unity denote preference of the LS method over the contending methods, while values less than unity show support for the contending 
methods over the LS method. The modified Diebold and Mariano Statistics show the performance stances of the SA, MSE and BMA based methods in comparison with LS 
method (the benchmark). Significantly negative DM* statistic indicates preference for the SA, MSE and BMA based methods over the LS method, and conversely when the 
DM* is significantly positive. Non‐significant DM* is suggestive of no marked differences in the precision of the contending models for stock prediction. The level of 
significance at 1%, 5% and 10% are denoted by ***, **, and *, respectively. 
Table C1 presents clear and consistent evidence in favor of the least squares (LS) forecast combination as the dominant method across alternative cross‐correlation 
structures and sample sizes. Focusing first on the MSFE ratios, the results indicate that for low to moderate levels of cross‐correlation (ρ = 0.1,0.3,0.5), all contending 
methods; simple averaging (SA), inverse‐MSE weighting (MSE), and Bayesian model averaging (BMA); produce MSFE ratios well above unity at all sample sizes. This 
pattern unambiguously implies underperformance in the contending models’ forecast accuracies relative to the LS method, with the loss disadvantage becoming more 
pronounced as the sample size increases. Notably, BMA exhibits the weakest performance, with MSFE ratios rising sharply with T, suggesting heightened sensitivity to 
parameter proliferation and model uncertainty in large samples. Even under high dependence among forecasts ( = 0.7 and = 0.9), where SA and MSE occasionally 
deliver MSFE ratios marginally below unity in small samples, these gains are not sustained as T grows, and the LS benchmark regains dominance in medium and large 
samples. 
The statistical evidence from the modified Diebold–Mariano (HLN) tests reinforce this conclusion. For 0.5, the DM* statistics are predominantly positive and highly 
significant, particularly at larger sample sizes, indicating that LS forecasts are statistically more accurate than those from SA, MSE, and especially BMA. As sample size 
increases, the magnitude of the DM* statistics rises sharply, reflecting the superior asymptotic efficiency of LS when relevant forecasts are correctly weighted. Although 
the evidence weakens at very high cross‐correlation levels ( = 0.9) in small samples; where DM* statistics are largely insignificant; this reflects finite‐sample imprecision 
rather than genuine dominance of competing methods. Once the sample expands, LS again outperforms the alternatives, as evidenced by positive and significant DM* 
statistics. Overall, the results underscore the robustness and efficiency of the LS approach, highlighting its ability to exploit informative signals while mitigating 
redundancy induced by cross‐sectional dependence, thereby delivering superior forecast performance across diverse data environments.  
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TABLE C2 | Out‐of‐Sample Forecast Evaluation using Alternative 
Aggregated CCIs.      

Predictor 

Modified Diebold‐Mariano Out‐of‐Sample 
Forecast Evaluation 
Benchmark: Index 1 

h 20= h 60= h 120= h 240=
Index 1 — — — — 

Index 2 8.5544*** 10.4851*** 11.9961*** 15.4599*** 

Index 3 8.722*** 11.103*** 12.6795*** 15.2312*** 

CCIUS_Agg 4.2009*** 8.2948*** 8.4499*** 4.8288*** 

Index 1 — — — — 

Index 2 3.924*** ‐1.5994 0.1796 0.0246 

Index 3 7.8156*** 10.841*** 11.7333*** 15.1351*** 

CCIUS_Agg 7.1792*** 9.3973*** 11.1505*** 14.5772*** 

Index 1 — — — — 

Index 2 7.6773*** 10.0334*** 10.7548*** 14.8526*** 

Index 3 7.7029*** 10.4213*** 11.433*** 15.8076*** 

CCIUS_Agg 7.0835*** 9.7994*** 5.9805*** 5.0283*** 

Index 1 — — — — 

Index 2 7.8926*** 10.5047*** 7.0339*** 12.0465*** 

Index 3 8.0323*** 10.8287*** 10.6614*** 15.3845*** 

CCIUS_Agg 7.5894*** 10.4436*** 1.9312* 2.0841** 

Note: The table contains the in‐sample predictability with coefficient estimates 
and corresponding standard errors (2nd Column) and the modified Diebold and 
Mariano Statistic for the out‐of‐sample forecast (Columns 3‐6) for different 
exogeneous‐based GARCH‐MIDAS model variants. The predictors are Index 1 
(CCI weighted by natural gas dependence of each state), Index 2 (CCI weighted 
with relative population), Index 3 (equally weighted CCI of the 50 states) and 
CCIUS_Agg (the overall US Index). The modified Diebold‐Mariano test statistics 
show the performance stances of the GARCH‐MIDAS‐Index 2, GARCH‐MIDAS‐ 
Index 3 and GARCH‐MIDAS‐CCIUS_Agg models in comparison with GARCH‐ 
MIDAS‐Index 1 (the benchmark). Significantly negative DM* statistic indicates 
preference for the GARCH‐MIDAS‐Index 2, GARCH‐MIDAS‐Index 3 and 
GARCH‐MIDAS‐CCIUS_Agg models over the GARCH‐MIDAS‐Index 1, and 
conversely when the DM* is significantly positive. Non‐significant DM* is 
suggestive of no marked differences in the precision of the contending models for 
stock prediction. The level of significance at 1%, 5% and 10% are denoted by ***, **, 
and *, respectively.  
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