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Abstract

Do banks price their borrowers” exposure to climate transition risk? I find that in the E.U.,
firms negatively exposed to climate transition risk face higher lending rates by banks specialized
in their borrowers’ industry. However, I also find evidence of lower lending rates to more exposed
firms after an oil supply news shock relevant for energy-intensive firms, especially during peri-
ods of high aggregate financial stress. Interpreting bank specialization as a source of heterogene-
ity in costs of private information acquisition, I develop a bank lending model with competitive
lending, costly information acquisition, and non-Bayesian belief updating. Because of screening,
specialized banks can better distinguish between borrowers’ risk exposure, resulting in relatively
higher lending rates to more exposed firms. However, this interest rate differential decreases in
favor of more exposed borrowers when banks underreact to relevant public information. This
effect is more pronounced during periods of poor borrower quality or increased financial stress.
These results imply that lowering banks’ cost of acquiring firm-level transition-risk exposure in-
formation is crucial to reduce green firms’ financing costs, even when there is high quality public

information and communication about decarbonization.
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1. Introduction

The financial risks associated with climate change have intensified, underscoring the critical role of
private financial markets in funding the transition to a low-carbon economy (Carney 2021; Yellen
2021; Hale 2023). This "green transition" could result in significant losses for firms and investors if
carbon-intensive assets are revalued or technological advances render carbon-heavy operations un-
productive. Such risks, known as climate transition risks, add uncertainty to the lending landscape.
Yet, evidence suggests that many banks continue to disregard these factors in their loan pricing
and maintain substantial lending to high-emission sectors (Kirsch et al. 2021). Climate stress-testing
studies reveal that banks are meaningfully exposed to transition policies, particularly sudden carbon
price increases, through both credit and market risk channels (Acharya et al. 2023; Jung et al. 2023).
Addressing this exposure may require systemic changes, including better climate-risk disclosure and

standards that enable banks to assess and price transition risks more effectively.

In this paper, I take an information-centric approach to understanding how banks price corpo-
rate exposure to climate transition risk. I provide empirical evidence that specialized banks, through
their industry-specific expertise, can better price regulatory aspects of climate transition risk. Further,
I examine if banks adjust their pricing decision in response to an oil supply news shock relevant to
energy prices and, therefore, energy-intensive firms. I explain the role of bank specialization in a
model of imperfect and costly screening and underreaction to costless public information within
a competitive bank lending framework. I show that specialized banks can better distinguish be-
tween differently exposed borrowers than non-specialized banks. Yet, if banks underreact to public
information, the interest rate differential between more and less exposed borrowers narrows, espe-
cially during periods of financial stress. Thus, the model highlights two critical mechanisms through
which banks can effectively price climate risk in lending contracts — (i) information acquisition and

(ii) accuracy-motivated belief updates given the availability of new information.

To establish the role of bank specialization in pricing firm-level climate transition risk, I start with
an empirical analysis using syndicated lending data for non-financial firms across multiple coun-
tries. I use firm-level emission intensity, and forward-looking measures of policy and technological
transition risks from public companies’ earnings calls by Sautner et al. (2023), as proxies for firm-
level exposure to transition risk. These measures allow me to test whether higher firm-level tran-
sition risk exposure is associated with higher lending rates, focusing on whether specialized banks
are more responsive to these risks. Furthermore, to examine the potential effects of heterogeneity in
policy environments aimed at driving sustainable activities, I conduct separate analyses for firms

headquartered in the U.S. and those headquartered in the E.U.

I find that, on average, banks do not adjust lending rates based on firms’ transition risk expo-



sure across the sample if exposure to transition risk is measured by emission intensity and nega-
tive exposure to green technologies. However, forward-looking negative exposure to climate regula-
tions correlate with higher lending rates (measured by all-in-spread-drawn (bps)). When examining
forward-looking exposure to climate regulations, I observe regional differences. For firms headquar-
tered in the E.U., greater regulatory exposure is associated with a lower lending rate. In contrast, for

U.S.-based firms, higher exposure to climate regulation is associated with a higher lending rate.

Without mandated and standardized information disclosure of firm-level exposure to climate tran-
sition risks, it is challenging for banks to acquire information about their borrowers’ sustainable ac-
tivities (or lack thereof). Specialized banks, however, may possess an informational edge over non-
specialized banks due to their industry-specific expertise (Paravisini et al. 2023; Blickle et al. 2023,
2024; Degryse et al. 2024). Indeed, I find that across the entire sample, specialized banks generally
charge higher lending rates to firms with high emission intensity, suggesting they may perceive these
tirms as riskier. This effect is particularly evident for E.U.-based firms negatively exposed to climate
regulations, with specialized banks charging them higher interest rates. Interestingly, this pattern
does not hold for U.S. firms, for which the specialized banks appear less sensitive to climate regula-
tory exposure. This difference between E.U. and U.S. firms can be attributed to the consistent effort

towards sustainability disclosure and decarbonization policies in the E.U.

Next, I evaluate whether specialized banks respond to signals about firms” vulnerability to fossil-
fuel shocks and transition risk. I use oil supply news shocks as proxies for public signals on disor-
derly transition risk (Kanzig 2021). These shocks, relevant in the absence of carbon pricing regimes
across most countries in the sample, offer insights into banks’ responses to energy-related vulnera-
bilities'. Furthermore, previous literature has pointed out the negative effect of oil supply shocks on
equity returns of firms in industries facing an elevated risk from carbon transition, highlighting the
role of these shocks as an important signal to be accounted for investors and lenders. This analysis
reveals mixed results. U.S.-based firms with higher emission intensity face lower interest rates from
specialized banks one quarter after an oil supply news shock. This trend is also consistent across the
entire sample for high emission-intensity firms. In contrast, E.U. firms with high emission intensity

or negative climate regulatory exposure do not face significantly higher lending rates post-shock.

Finally, I examine whether high aggregate financial stress preceding the loan contract is associated

with specialized banks charging lower interest rates to negatively exposed firms. As a measure of

1 An aggregated “energy input” in a firm-level production function is a convex combination of energy from fossil fuels
and that from renewable sources (Hassler et al. 2016). A transition shock could be a carbon tax, leading to a decline in
the per-unit return on physical capital for a carbon intensive firm. In a transition scenario involving a policy shift towards
energy efficiency, a firm with lower levels of energy-efficient technology would receive smaller returns from an “energy-
efficient technology” shock than a more energy-efficient firm (Hassler et al. 2012). The lenders’ payoff from financing
these firms’ investment projects would then be adversely affected. The recent TFCD report by Citibank has shown a high
exposure to transition risk arising from funding oil & gas projects and automobile manufacturers (Finance for a climate-
resilient future 2020).



financial stress, I use the Financial Stress Index (FSI) by the Office of Financial Research (OFR) (Be-
jarano 2023) for the U.S., and I use the Country-Level Indicator of Financial Stress (CLIFS) (Duprey
et al. 2017) for the E.U. I find that following periods of high financial stress, specialized banks do not
charge significantly higher rates to U.S. and E.U. firms with high transition risk exposure after an oil

supply news shock.

To summarize, three key findings emerge from this analysis. First, banks specialized in the bor-
rower’s industry incorporate certain transition risk factors - emission intensity and negative climate
regulatory exposure - into their lending decisions. Second, following an oil supply news shock, this
effect is insignificant or only shows up after a significant lag. The role of bank specialization un-
derscores the informational advantage of industry-specific expertise, enabling banks to assess their
borrowers” carbon exposure and decarbonization plans. However, it also reveals an inertia in re-
sponding to relevant public signals about borrowers” vulnerability to volatility in the global fossil-
fuel markets. Third, the pricing of transition risk by specialized banks becomes weaker after a period

of financial stress.

It is essential to understand whether the cost of acquiring information about borrowers” industry
exposure and banks’ response to public signals about transition risk explain the interest rate dif-
ferentials between more and less exposed firms to understand the empirical results. Central banks
and regulatory authorities conducting climate stress tests have highlighted significant information
gaps lenders face in assessing their transition risk exposure. These gaps arise mainly from the lack of
standardization (EBA 2021) and the absence of comprehensive frameworks for estimating borrow-
ers’ emissions and transition risk management (FRB 2024). Information frictions related to transition
risk are further exacerbated by deep uncertainties that characterize climate risk. Models that are not
forward-looking and focus more on the past emission performance of firms will not comprehensively

capture these risks (Monasterolo 2020).

Previous research on financial intermediaries has shown how lower screening costs and better
monitoring reduce uncertainty about the ex-ante qualities of borrowers, thus positively affecting
aggregate investment (Gertler and Bernanke 1989; Holmstrom and Tirole 1997; Levine 2005). How-
ever, screening is both costly and imperfect, and heterogeneous screening capacities across lenders
in a perfectly competitive environment can result in informational advantages for the lender who

screens more.

I develop a model of costly screening of two borrowers differentially exposed to climate transition
risk within a competitive lending framework. Both borrowers are similar in all aspects; the key dif-
ference between them is the probability of their projects” success. Given a potential transition risk

shock, borrowers more exposed to transition risk have lower expected project returns. To capture the



informational advantages of bank specialization in the borrower’s industry, I consider two banks -
(i) specialized (acquires costly private information about the borrowers” quality) and (ii) unspecial-
ized (uninformed: does not acquire any private information due to prohibitively high information

acquisition costs).

Lenders should update their loan repayment expectations for more exposed borrowers with the
changing dynamics of climate transition risk caused by the development of energy-efficient tech-
nologies, scientific evidence, or frequent weather events. However, belief updates regarding risks
from climate change often lag due to factors like model uncertainty, unpredictable weather patterns,
and fluctuating policy measures, making it challenging for expectations to converge to the true dis-
tribution of risks (Kelly and Kolstad 1999; Kelly and Tan 2015). Additionally, backward-looking ex-
pectations could severely underestimate the tail risks related to climate change (Bolton et al. 2020).
Neglecting relevant information and placing greater weight on past information while updating ex-
pectations about borrowers’ transition risk exposure may play a critical role in shaping loan contract

terms and adversely influencing the debt-financing costs for green firms 2 3.

I incorporate this feature of climate-change related expectation formation into the model by allow-
ing the banks to symmetrically update their beliefs in response to a costless and imperfect public
signal about the borrowers’ transition risk exposure. This belief-updating process follows a non-
Bayesian framework (Epstein 2006). The lenders” updated beliefs are a weighted linear combination
of their “priors” (i.e., their beliefs before receiving public signals) and the Bayesian posterior after

they observe the public signal.

This structure of belief formation is “accuracy-motivated”4. The “prior” beliefs play no role in the
evaluation of the new information. However, how the lender weighs their Bayesian posterior relative
to their prior beliefs may affect the subjective posterior beliefs. Consequently, there are three possible
outcomes from updating: (i) no update, (ii) learning in the direction of the new information, and (iii)
learning in the direction opposite to the new information (Druckman and McGrath 2019). I focus on

the first two outcomes in my model and provide three theoretical results that establish the role of

ZResearch on climate risk perception employs surveys and secondary data, highlighting evidence for partial align-
ment with Bayesian learning and the representativeness heuristic, with individuals assigning more weight to prior beliefs
amidst higher uncertainty relating to information about climate change (Cameron 2005; Deryugina 2013). Using a county-
year panel from the Yale Climate Beliefs survey, I provide empirical evidence that after controlling for county-level demo-
graphics, median household income, and political beliefs, perceptions about exposure to damages from global warming
increase after individuals witness a state-level ‘Billion-Dollar Disaster’. However, these perceptions are still strongly an-
chored to “prior’ beliefs or beliefs recorded six years before the billion-dollar disaster (Appendix C).

3The representativeness heuristic emphasizes the overweighting of recent observations during belief formation (Kahne-
man and Tversky 1972). This bias is linked to Bayesian learning and diagnostic expectations, which explain business cycles
(Baley and Veldkamp 2021; Bianchi et al. 2021) and pre-crisis market behavior (Krishnamurthy and Li 2020). Investors of-
ten underreact to initial negative signals but overestimate downturn risks after persistent bad news (Bordalo et al. 2018;
Gennaioli et al. 2015). A similar mechanism - the neglect of risk - could be the reason that climate risk is underpriced by
the financial markets, as noted by central banks worldwide (NGFS 2019).

*The lender evaluates new information so that their updated beliefs accurately estimate the true distribution, as op-
posed to “directed motivation” where the individual updates their beliefs to arrive at a pre-determined conclusion, which
their “prior” beliefs may influence.



private information acquisition and underreaction to costless public information in determining the

interest rate differentials between more and less exposed borrowers.

First, I compare the expected interest rates charged after the lenders receive public signals about
borrower quality. In equilibrium, borrowers marked as low exposure (high quality) from both infor-
mation sources face lower interest rates, while those marked as high exposure (low quality) by either
source pay higher rates. When both information sources signal high exposure to climate transition
risk, the interest rate charged is substantially higher. This result aligns with specialized banks” infor-
mational advantage, enabling them to distinguish more accurately between borrowers and charge

higher interest rates to high-risk borrowers.

However, as the lenders” underreaction (and therefore the weight they give their prior beliefs)
increases, at any given level of information acquisition by the specialized lender, the expected interest
rate differential decreases in favor of more exposed borrowers. The decline in this differential is

sharper for higher quality public information.

In my second theoretical result, I show that a perfectly Bayesian specialized lender significantly
incorporates medium-to-high-quality public information with a lower dependence on private infor-
mation. The quality of public information and the degree of underreaction influence the specialized
bank’s optimal level of private information acquisition. Public information allows the uninformed
lender to make their interest rate offer more competitive for high-quality borrowers. Consequently, it
can erode the specialized lender’s informational advantage. As the lenders” underreaction increases,
the informational advantage provided by the private information increases as public information
is ignored by both lenders. As a result, even with high-quality public information, optimal private

information acquisition by the specialized lender increases with under-reaction.

Third, I examine how the interplay between private information acquisition and underreaction to
public information impacts interest rate differentials, especially when borrower quality is low. Dur-
ing periods of poor average borrower quality, the reliance on private information acquisition for the
specialized lender is high. Therefore, as underreaction increases, there is a sharp decrease in the inter-
est rate differentials between more and less exposed firms despite high-quality public information.
This effect becomes weaker as average borrower quality improves and the threshold of underreac-
tion, beyond which interest rate differentials decline, increases. This implies that, during periods of
poor average borrower quality, even a minor rise in underreaction can result in a sharp decline in
the interest rate differential between more and less exposed borrowers. This result validates the em-
pirical evidence on the pricing of transition risk exposure during periods of high financial stress in

the economy.

The above results highlight how, during periods of high financial stress, the pricing of transition



risk might be even weaker, obstructing decarbonization financing by keeping the cost of debt high
for more energy-efficient or green firms. Underreaction to public information increases dependence

on private information, which is influenced by the marginal cost of private information acquisition.

These results have relevant policy implications. Standardized climate disclosure frameworks and
climate transition stress tests would provide lenders with a better understanding of their borrower’s
emissions and trajectory towards decarbonization, lowering information costs for lenders and sup-
porting green transition financing even during episodes of high financial stress. Contemporary stud-
ies on the impact of climate supervisory tests record empirical evidence supporting these implica-
tions for loan pricing as well as credit allocation. Banks subjected to the French bank climate pilot
exercise charged higher interest rates for brown borrowers, with the stress tests providing incre-
mental reduction in climate transition-related information asymmetries for the banks (Fuchs et al.
2024). Similarly, banks subjected to the ECB Single Supervisory Mechanism (SSM) reallocated credit
to greener firms (Aiello 2024).

Related Literature: This paper expands upon two distinct strands of literature. First, I examine the
extent to which climate transition risk considerations play a role in corporate bank lending decisions.
Second, I reconcile the empirical analysis with a theoretical model of heterogeneous information

acquisition costs and underreaction to public information in a competitive bank lending setup.

The main channels of transition risk can be summarized into (i) policies such as carbon taxes or
changes in financial regulations that drive emission reductions, (ii) technological developments that
increase the costs of fossil-fuel extraction or decrease those of renewable energy generation (iii) be-
havioral changes among agents in financial markets or in the adoption of green behaviors (Dikau
and Volz 2018; Monasterolo 2020; Semieniuk et al. 2021). There has recently been substantial expan-
sion in empirical research on the degree to which the lending rates charged by banks are associated
with the environmental concerns linked to a borrower, either because of an adverse climate-related
or ESG incident or high carbon emission intensity. Both these factors represent a reputational risk or
firm exposure to environmental policies that would have an adverse impact on the profitability of

emission-heavy firms (Hrazdil et al. 2020; Ehlers et al. 2021; Ivanov et al. 2023)°.

While not necessarily focused on pricing decisions, some studies have also discussed the salience
of public events that strengthen willingness to decarbonize, such as the Paris Agreement and COP21,
to the credit allocation between carbon-intensive and non-carbon-intensive firms (Delis et al. 2019;
Reghezza et al. 2021). There is also increasing focus on the exposure of firms to disruptions in green
technology and on how banking concentration and bank exposure to negatively exposed firms play

a role in credit reallocation between firms positively and negatively exposed to green technological

5Environmental, Social, and Governance — ESG criteria are used to inform investors about the degree to which a firm is
environmentally and socially conscious and its governance is transparent and accountable.



developments (Degryse et al. 2020; Mueller and Sfrappini 2022).

While the aforementioned empirical studies are relevant because they document the empirical
facts regarding changes in bank behavior given an increase in climate change policy discussions,
they do not necessarily identify all the channels through which transition risk might affect banks’
lending decisions. Unlike default lending information, which is verifiable by both the borrower and
the lender, information on firms” exposure to climate risk is not and therefore comes under the cate-

gory of ‘soft” or ‘subjective” information (Liberti and Petersen 2019).

I'add to the empirical literature on the pricing of transition risk by examining the role of bank spe-
cialization in the borrower’s industry as a source of informational advantage when pricing borrower
exposure to both the regulatory and the technological aspects of transition risk . Bank specialization
provides a marginal improvement in information acquisition in an environment where standard-
ized emission and sustainability disclosures are not the norm. Furthermore, I incorporate oil supply
news shocks as global shocks relevant to all firms, regardless of the state of environmental policies in
country in which they are headquartered. Alvarez-Roman et al. (2024) take a similar approach to un-
derstand the association between credit allocation and physical risks. They examine firm-level credit
allocation after wildfires in Spain and show that local banks leverage their geographical proximity
to firms as soft information, which allows them to decrease credit to the firms by lesser extent than

the more diversified nonlocal banks.

I also build upon the literature on competitive information acquisition by lenders. Theoretical
frameworks of lending decisions by competitive banks with heterogeneous information acquisition
capacities highlight how a reduction in the costs or uncertainty associated with information acqui-
sition benefit high-quality borrowers through lower interest rates (Hauswald and Marquez 2003;

Karapetyan and Stacescu 2014; Banerjee 2005).

I extend the existing theoretical frameworks by highlighting the impact of underreaction to public
signals on private information acquisition and the potential failure of lenders to incorporate relevant
public information about exposure to green technologies and policies during times of high credit
risk. The theoretical model provides a tractable framework to show how public information creates
interest-rate differentials between less and more exposed firms provided banks choose to update

their beliefs about climate risk.

The rest of the paper is structured as follows: Section 2 discusses the empirical framework and
results to motivate the theoretical framework for information acquisition and underreaction to public
information. Section 3 describes the setup of the theoretical model and the equilibrium of the lending

game in the second period with non-Bayesian updating. Finally, Section 4 concludes.



2. Empirical evidence: Bank specialization and pricing firm-level transi-

tion risks

This section presents the empirical analysis of syndicated bank loans and firm-level transition risk
exposure. I begin with describing the data sources and descriptive statistics for syndicated lend-
ing and firm-level controls (Section 2.1) and measures of firm-level transition risk exposure (Section
2.1.1). Next, I define and create a measure of industry-specific bank specialization (Section 2.1.2) and
provide descriptive statistics for loan terms and borrower characteristics for loans made by special-

ized banks. Following this, I describe the oil supply news shock (Section 2.1.3).

I proceed by specifiying the empirical specification to examine if (i) loans made by specialized
banks with higher exposure to climate transition risk have higher interest rates (ii) specialized banks
adjust their lending rates one-to-four quarters after an oil supply news shock for more exposed firms
and (iii) lending rates charged by specialized banks for more exposed firms change after a period
of high financial stress post-oil supply news shock (Section 2.2). I present the empirical findings in

Section 2.3.

2.1. Data

I rely on three data sources: (i) syndicated loan data from Dealscan (ii) Scope 1 and 2 carbon emission
intensity from Trucost and (iii) Green technology-related exposure, and climate regulation exposure
from Sautner et al. (2023) for the periods 2010 - 2022 respectively®. I restrict the analysis to loans
made by banks and borrowers in the non-financial sector for whom I find firm annual balance-sheet
variables in Compustat’. I exclude loans not made by the lead arranger. The resultant sample consists
of 59,630 loan-level observations with emissions data across 2,031 firms in 64 countries and 65,633
loan-level observations with climate risk measures across 2,106 firms in 64 countries. A detailed

explanation of the sample composition is in Table A1.

To measure the effect of climate risk exposure on loan pricing, I use the All-In-Spread-Drawn
(AISD) variable from Dealscan. AISD measures the amount paid by the borrower over LIBOR for
each dollar drawn down, with the annual (or facility) fee paid to the lender(s). I control for loan
amount, tenor maturity, collateral requirements and presence of covenants in the loan contract. Firm-

level controls from Compustat include log of total assets in US dollars, leverage ratio, ratio of capital

°I merge loan-level data with climate risk measures from Sautner et al. (2023) by first combining the Dealscan sample
with the Chava and Roberts (2008) Dealscan-Compustat link and then using the merged sample to link to the Sautner et
al. (2023) firms using gvkey as an identifier. I merge loan-level data with firm-level emissions data in Trucost in two steps.
I first do an exact merge using the borrowers’ gvkey and company name using the Dealscan-Compustat link. I use multi-
variable fuzzy matching techniques for the unmatched firms by approximately matching borrower name and borrower
parent name in Dealscan to entity names in Dealscan.

1 distinguish between bank and non-bank lenders using the classification in the existing literature (Aldasoro et al. 2023;
Elliott et al. 2021).



expenditure to total assets, and ratio of EBITDA to total assets. Summary statistics for loan- and

firm-level variables for the entire sample are in Table 1.

2.1.1. Measures of transition risk exposure

Trucost provides detailed information on Greenhouse Gas (GHG) emissions for a vast selection of
firms. Iuse Scope 1 and Scope 2 GHG emission intensity (measured in metric tonnes per USD) for the
fiscal year previous to the year of the lending contract®. Tables 2 summarizes the lending terms and
balance-sheet variables for firms with emissions above and below the median emissions. The average
AISD for firms with scope 1 and 2 emission intensity greater than the median emission intensity are
lower than the sample average, implying that high emission firms are not necessarily facing higher

lending rates than the rest of the sample, nor are they receiving a smaller credit amount.

Data on emissions and emission intensity are backward-looking measures of transition risk expo-
sure, available only for a limited set of companies. They could potentially be a noisy measure of risk
considering the presence of ‘climate enabler” firms which might have higher emissions to support
the transition to a greener economy. Sautner et al. (2023) provide a comprehensive alternative by
constructing time-varying measures of firm exposure to climate change using transcripts of quar-
terly earnings conference calls of publicly-listed firms. They distinguish between exposure to and
the sentiment and uncertainty associated with physical events, regulatory shocks, and opportuni-
ties arising from developments in renewable energy and green infrastructure in the transcripts of
the conference calls, as well as the analyst Q&A sessions. Table 3 shows the descriptive statistics for
lending terms and balance-sheet variables for the firms with negative exposure to technological de-
velopments related to climate transition in the year of the lending contract, and Table 4 shows the

descriptive statistics for firms with negative exposure to climate regulations.

Similar to high emission firms, firms with negative regulatory and technological exposure do not
face a higher average lending rate relative to the sample. However, firms with negative exposure to
climate-related technologies face a higher average lending rate than firms with negative exposure to
climate-related regulations or firms with higher emissions. Firms with higher emissions also have

higher negative exposure to climate-related regulations relative to the rest of the sample.

8Scope 1 Greenhouse Gas (GHG) Emissions are direct emissions from sources owned or controlled by the entity. Scope
2 GHG emissions are emissions from generation of purchased electricty used by the entity for operations/productions. I
refrain from using estimated Scope 3 GHG emissions because of the noise in estimates from third-party providers. Emis-
sion intensity is calculated as the amount of emissions (measured in CO2 equivalent units) per unit of the entity’s revenue
(which indirectly measures the entity’s scale of output). Emission intensity is a better measure of carbon efficiency of a
firm since it accounts for output-emission relationship, and provides more information about the carbon efficiency of the
entity than absolute emissions. It is important to note that a decrease in emissions intensity does not necessarily translate
in reduction in overall emissions.



2.1.2. Bank specialization and informational advantage

In order to reduce the probability of selecting high-risk borrowers, banks theoretically rely on multi-
ple sources of screening and monitoring to acquire information about their borrowers. Recent litera-
ture discusses specialization of the bank in lending to a particular industry as a source of information
acquisition, possible through repeated lending to individual borrowers as well as repeated lending to
certain industries to gain an understanding of the performance and profit margins of an average firm
in that industry (Paravisini et al. 2023; Blickle et al. 2023; Giometti et al. 2024). Bank specialization
in their borrowers’ industries can therefore be associated with lower information acquisition costs,
given the high cost of shifting businesses from the industry the bank specializes in, to an industry

within which the bank is not specialized.

I construct a measure of bank specialization, S, ; in a particular industry j (across NAICS 2-digit
industry classification) at time t as bank b’s share of credit in industry j at time t relative to the overall
share of credit to industry j at time t, calculated for the year preceding the loan contract origination
(Paravisini et al. 2023; Blickle et al. 2023; Giometti et al. 2024):
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This measure of specialization captures the relative informational advantage a bank might have in
lending to a specific industry, while also allowing the bank to be specialized in multiple industries
and multiple banks to be specialized in an industry at the same time. The degree of bank specializa-
tion for loans in the entire sample, for firms with high emission intensity, as well as for firms with
negative climate regulatory and green technological exposure is summarized in tables 1, 2, 4, and 3

respectively.

2.1.3. Response of specializing banks to an oil supply news shock

While firm-specific environmental disclosures provide an estimate of the firm’s exposure to tran-
sition risk, shocks to aggregate transition risk provide a publically available dimension of infor-
mation based on which lenders can adjust their expectations of firms’ profitability. However, most
news about transition risk is country or industry-specific, and usually centers around regulatory
shocks. An informative public signal should be related to all aspects of transition risks’. Transition

risk shocks are often defined as a disorderly jump in carbon prices.

In the absence of carbon pricing mechanisms in most countries, I use the oil supply news shock

9The Paris Agreement led landmark shift in public attention to climate change. However, it did not lay down specific
guidelines for financial institutions regarding the path to financing of decarbonization-friendly projects

10



series from Kénzig (2021) as a proxy for public signals about possible transition risk exposure. The es-
timated oil supply news shocks are associated with changes in oil supply expectations, which further
leads to a significant increase in oil prices, and therefore, energy prices. By affecting energy prices
they also present significant implications for the profitability of energy-intensive firms. Moreover,
negative effects of unanticipated disruptions in oil supply on equity returns have been recorded for
high transition risk exposure firms such as coal production firms, as well as firms in the automobile,
transportation equipment, and chemical products sectors (Kilian and Park 2009). Figure 1 shows
how the movement in the oil supply news shock series moves with periods of significant volatility
in the oil and gas market, along with the movements in carbon policy shocks as estimated in Kanzig

(2023).

FIGURE 1. Oil supply news shocks
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Source: Oil supply news shock (Kanzig 2021); Carbon policy shock series (Kénzig 2023)
Note: Carbon policy shocks are estimated using changes in the EUA futures prices in windows around carbon regulatory events associated with higher energy prices.

2.2. Empirical specification

I estimate the following regression to examine whether banks price firms’ transition risk exposure as
reflected in their Scope 1 and Scope 2 emission intensity from the previous year, as well as forward-

looking exposure to risks from climate policies, and climate-related technological developments:

AISDf,b,t =+ [31 (risk)fjt + ﬁzsb,]'JFl + [53 Sb,]’,tfl X (T’isk)f’t+
—— ——
(1) >0 >0

Of +0p + 81+ BrXr i+ BiXpptt€fpe
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where AISD is the All-in-spread-drawn charged to firm f by bank b in year ¢. §;, ; controls for bank-
year fixed effects, 5 controls for borrower fixed effects, and §; ; controls for industry-year fixed
effects. Sy, ; ;1 is the specialization indicator described in section 2.1.2 for bank b for industry j for
the year before the lending contract was originated. Xy, ; and Xy ; include loan-level controls and

tirm-level controls (as described in section 2.1) respectively.

If banks perceive the transition risk exposure variables as a reliable component of borrower’s over-
all risk exposure, 3; > 0 will be positive. If however, that is not the case, and only the specialized

banks are differentially pricing-in transition risk for more exposed firms, 33 will be > 0.

(2)

AISDf,b,t =X+ [31 (risk)f)t + stb,j,t—l + Bg Sb,j,t—l X (risk)f}t + B4ShOth_i + B5Sb,j,t—1 X ShOth_i
— —
>0 >0

+ Be(risk) g s x Shocky_; + B7 Sp ;41 x (1isk) gy x Shocky_; + 87+ 0y 1 +8; 4+ B pXp 1+ B Xppr+ €5y
>0
where Shock;_; is the mean value of oil supply news shock described in section 2.1.3 i = 1, .., 4 quar-

ters before the loan contract was originated.

If there is an additional effect of shocks to oil markets increasing awareness about detrimental
effects of potential disorderly transition risk realizations, especially by banks that are already spe-

cialized in the borrowers’ industry, we will also observe (37 to be positive.

Finally, to examine whether specialized banks price firms’ transition risk exposure as reflected in
their Scope 1 and Scope 2 emission intensity, as well as forward-looking exposure to risks from cli-
mate regulations, and climate-related technological developments from the previous year in periods

after one quarter after a period of financial stress, I estimate the following regression:

©)

AISDf 1= 0+ Ei(riSk)f’t +B2Sp, -1+ Eisb’j’t‘l x (risk) g s + BaShock;_; + B5Sy, ; 41 x Shock,_;+
>0 >0
Be(risk) f ¢ x Shock_; + Ezsb’j’t’l x (risk) g+ x Shock,_; + BgFSI;_j + Bo(risk) r ¢ x FSI;_p+
>0

Blosb)]'}t_l X FSIt—k + [SllShockt_i X FSIt—k + Blzsb,j,t—l X ShOth_i X FSIt—k + Bl3sb,j,t—1 X (I’iSk)f}t X FSIt—k

+ B14(7isk) 7 ¢ x Shock_; x FSI;_y + P15 (risk) g s x Sy, j 11 x FSI;_j x Shock;_;
——
>0

FOFH Oy + 0¥ BpXp ¥ BiXype t€f b
where FSI,_; is the measure of overall financial stress one quarter before the contract was initiated.

I use the OFR Financial Stress Index for the U.S. (Bejarano 2023). The OFR FSI for the U.S. uses
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26-33 financial market variables that are correlated with some form of financial stress. For the E.U., I
use the Country-Level Index of Financial Stress (CLIFS) for the country that firm has headquarters in
(Duprey et al. 2017). The CLIFS indicators include 6 market-based measures of financial stress across
equity markets, credit markets and foreign exchange markets. Each of these indicators are able to

identify period of high financial market stress with significant explanatory power.

2.3. Empirical Findings
2.3.1. Specialized banks and firm-level transition risk

Table 5 reports the estimation results for equation 1 with scope 1 and 2 GHG emission intensity (in
million metric ton per USD) as a measure of exposure to transition risk without taking news shocks
into account. I do not find any significant effects associated with higher emission intensity on the
loan rates. Tables 6 and 7 report the estimation results for equation 1 with categorical variables such

that:

¢ I[relative frequency of negative tone words associated with climate regulations > 0] = 1
¢ I[relative frequency of negative tone words associated with climate-related technological opportunities >

0]=1

I find that on average across the entire sample, firms with negative regulatory exposure to climate
policies are charged a higher loan rate by 12.70 bps relative to firms with no adverse climate regula-

tory exposure. I do not find any significant effects associated green technology-related exposure.

I split the sample between for E.U. firms and U.S. firms. There has been a consistent effort towards
sustainability disclosure and decarbonization policies in the E.U. in the past decade. Along with
the recent Sustainable Finance Disclosure Regulation (SFDR), the Non-Financial Reporting Directive
(NFRD) adopted in 2014 required certain large companies to disclose non-financial information re-
garding environmental, social, and employee-related issues. This was further supplemented with the
Guidelines on Reporting Climate-Related Information in 2019, and the E.U. Sustainable Taxonomy

which provided detailed standardized guidelines on identifying sustainable economic activity.

In the same period, the U.S. climate policy suffered major upheavals. Between 2016 - 2022, ma-
jor orders aimed at emission reduction were subjected to rollbacks or reviews. The administration
under President Trump also withdrew from the Paris Climate Agreement. Starting 2021, under the
Biden administration, U.S. re-joined the Paris Agreement, and the Inflation Reduction Act (2022)
set out provisions to increase investment in decarbonization technologies such as renewable energy
generation, clean transportation, and energy-efficient retrofits. However, the state of climate-related
disclosures is still in a nascent stage, with the SEC finally adopting the Climate-Related Disclosure

rules in 2024.
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Keeping the above differences in mind, lenders and investors would face fewer frictions incor-
porating transition risk exposure in their financing decisions for E.U. firms, relative to U.S. firms.
I do not find strong evidence supporting this hypothesis. While there is no significant association
between high firm-level emission intensity and negative exposure to green technological develop-
ments, and interest rates charged, I find that on an average U.S. firms with negative regulatory expo-
sure face higher lending rates (by 13.75 bps) whereas E.U. firms with negative regulatory exposure
face lower lending rates (by 18 bps) relative to firms with non-negative regulatory exposure. How-
ever, I find a role for specialized banks in pricing negative regulatory exposure for E.U. firms. E.U.
firms with negative climate-regulatory exposure face higher rates by 163.53 bps for loans made by

banks specialized in the firms’ industries. I do not find similar effects for U.S. firms'?.

2.3.2. Specialized banks and firm-level transition risk post-oil supply news shock

Tables 8, 11, and 14 present results for estimation of equation 2 with scope 1 and 2 GHG emission
intensity (logarithmized) after taking into account oil supply news shocks lagged i quarters before
the loan contract was originated. Across the entire sample, I find evidence for specialized banks
charging firms with one percent higher emission intensity lower rates by 70.72 bps one quarter after
a positive oil supply news shock. I do not find any effects of high emission intensity E.U. firms being
charged higher rates by specialized banks after an oil supply news shock. However, I find evidence
of lower rates being charged to U.S. firms with 1% higher emission intensity by specialized banks

for a quarter after the oil supply news shock (Figure 2 - Panel A).

Tables 9, 12, and 15 present results for estimation of equation 2 with negative forward-looking
climate-regulatory exposure after taking into account oil supply news shocks lagged i quarters be-
fore the loan contract was originated. I find no evidence for specialized banks charging firms with
negative regulatory exposure higher rates after a positive oil supply news shock across the complete
sample. Despite finding higher average rates being charged by specialized banks for negatively ex-
posed E.U. firms, I find no differential effects after oil supply news shocks.charged higher rates by
specialized banks after an oil supply news shock. Similarly, I find no significant effects on loan rates
charged to U.S. firms negatively exposed to climate regulations by specialized banks (Figure 2 - Panel

B).

Tables 10, 13, and 16 present results for estimation of equation 2 with negative forward-looking
green-technology exposure after taking into account oil supply news shocks lagged i quarters before
the loan contract was originated. Across the whole sample, I find no evidence for specialized banks

charging negatively exposed firms higher lending rates after the oil supply news shock. However,

10y perform the empirical analysis with the measure of specialization calculated for two, three, and four years before the
contract origination to account for the influence of any sporadic increase in lending to an industry a year before the loan
contract origination. The magnitude and sign of the interaction variable stay consistent.
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E.U. firms negatively exposed to green technologies are charged higher rates on average by 519.20
bps by specialized banks with a lag of three quarters after the oil supply news shock. On the other
hand, I do not find any significant evidence that negatively exposed U.S. firms are charged higher

rates by specialized banks after the oil supply news shock (Figure 2 - Panel C).

FIGURE 2. Effect of bank specialization on interest rates after oil supply news shock across different
transition risk measures

US: Specialization x Emission Intensity x Oil Supply News Shock EU: Specialization x Emission Intensity x Oil Supply News Shock
100
40
7 o 0
=
o
0 -40
<
-100 i
-80
-120 -200 —=
1 2 3 4 1 2 3 4
Quarters after shock Quarters after shock
A. Emission Intensity
US: Specialization x Negative Exposure (Reg) x Oil Supply News Shock EU: Specialization x Negative Exposure (Reg) x Oil Supply News Shock
400 S 750 0=
500 I
200
7 2 250
=) =2
a O a
%] 9 0
< <
—200 -250
—-400 —— =500 =
1 2 3 4 1 2 3 4
Quarters after shock Quarters after shock
B. Negative Exposure - Climate Regulations
US: Specialization x Negative Exposure (Tech) x Oil Supply News Shock EU: Specialization x Negative Exposure (Tech) x Oil Supply News Shock
200 T —|—
o
Q.
=
[a) [a)
2} (&) 0
< -100 <
-200 —4 4
B -500
-300 =
1 2 3 4 1 2 3 4
Quarters after shock Quarters after shock

C. Negative Exposure - Green Technology

2.3.3. Specialized banks and firm-level transition risk post-oil supply news shock and financial

stress

I present the estimation results from equation 3 for all the measures of firm-level transition risk after
splitting the sample into U.S. and E.U. firms. For the U.S. I find high emission intensity as well as

negative regulatory and green techonological exposure being charged relatively lower interest rates
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on

average for 2-4 quarters after an oil supply news shock for contracts initiated after a quarter of a

period of high financial stress (Tables 23, 24, and 25). For E.U. firms, I find evidence for high emission

intensity and negative exposure to green technologies being charged lower lending rates on average

for contracts initiated after a quarter of a period of high financial stress, a quarter after an oil supply

news shock (Tables 20, 21, and 22).

FIGURE 3. Effect of bank specialization on interest rates after oil supply news shock a quarter after
increased financial stress across different transition risk measures
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C. Negative Exposure - Green Technology

The empirical findings above show that periods of high financial stress can reduce the amount of

relevant public information that even the specialized lenders incorporate in their lending decisions.

This leads to an equilibrium where the effects of under-reaction are sharper and more exposed bor-

rowers end up with more favorable lending rates than the less exposed borrowers. This has signif-
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icant consequences for financing of decarbonization investments during periods of financial stress,
with the cost of debt for more green and energy efficient firms not reflecting their lower exposure to

transition risks.

2.3.4. Carbon price shocks

While the oil supply news shocks are relevant for energy prices, as well as for the firms adversely
exposed to climate regulations, they do not specifically act as a transition risk shock. I focus the
analysis in the previous section to shocks emerging from carbon pricing to understand bank pricing
of firm-level exposure to transition risk after a transition risk shock. I use the carbon pricing shocks
estimated in Kanzig (2023). The shock series are constructed by identifying movements in the EU
emission allowances (EUA) futures prices in narrow windows around carbon regulatory events.
Since these shocks lead to a persistent fall in emissions (as well as a significant increase in energy
prices), they can be a relevant proxy for shocks to the transition risk exposures of the firms. Since
these shocks emerge from the European Emissions Trading Scheme (ETS), I incorporate them in

equation 2 for loans made to E.U. firms.

Tables 17, 18, and 19 present results for estimation of equation 2 with risk measures after taking
into account carbon pricing shocks lagged i quarters before the loan contract was originated. Across
the whole sample, I find no evidence for specialized banks charging E.U. firms with higher emis-
sion intensity, negatively exposure to carbon regulations or negative exposure to green technologies

higher lending rates after the carbon pricing shock (Figure 4).
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FIGURE 4. Effect of bank specialization on interest rates after carbon price shock across different
transition risk measures
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The results from the empirical analysis highlight two mechanisms that might explain the banking

sector’s role in pricing corporates’ transition risk exposure:

a. Bank specialization in the borrower’s industries provides industry-specific expertise to banks to
understand and price regulatory aspects of transition risk exposure on average for more exposed
firms.

b. Despite oil supply news shocks being relevant for energy prices and overall economic activity,
even specialized banks either do not incorporate these shocks in lending decisions towards firms

more exposed to transition risk, or respond with a significant lag. This response is sharper after
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periods of high financial stress in the economy.

3. A model of imperfect screening and belief updates

To understand the role of bank specialization, and the under-reaction to observable oil supply news
shocks that are relevant for emission-intensive firms, I incorporate costless public information in a
model of competitive lending where one bank can acquire costly and imperfect private information
about firms’ transition risk exposure (Specialized) and the other bank faces prohibitively high in-
formation acquisition costs, and therefore, cannot acquire private information about its borrowers

(Un-Specialized).

3.1. Borrowers

The environment consists of two types of entrepreneurs who belong to a type j € H, L, where the
L type borrowers are more exposed to climate transition risk than the H type. The mass of the
entrepreneurs is publicly known, with the proportion of H entrepreneurs = A. Both types of en-
trepreneur require an initial investment of one unit of capital and cannot use any other source of

financing. As such, the model does not have an equity market!!.

The probability of success for a project also varies across entrepreneur types. Each entrepreneur
has a successful project with a probability p;; j € {h, I} and terminal cash-flow R, and an unsuccessful

project with probability 1 - p; and no terminal returns.

ASSUMPTION 1. The probability of success for a H-type borrower is higher than that for a L-type borrower.

Formally: py, > p;
ASSUMPTION 2. L-type borrowers would not be creditworthy if their type was observable, i.e. pjR <1< pyR

ASSUMPTION 3. The average borrower is creditworthy under imperfect information such that pR > 1;where

p=Apy+(1-Np

3.2. Banks

There are two banks, “S” (specialized) and “U” (unspecialized), which compete for firms in the mar-
ket for loans. The former conducts a screening process for the borrowers, and the latter does not.
The quality of information acquired by the S bank is endogenous. Banks do not observe if the en-

trepreneur is an H type. While the screening decision of the S bank is exogenously determined, the

HThe debt-equity financing decision can also be affected when lending is affected by climate risk beliefs. This model
does not focus on that component.
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amount of screening conducted by the S bank is endogenous. To understand the effects of infor-
mation on prices, I set the lending decisions to be unsecured. Every equilibrium lending decision

comprises an equilibrium interest rate r.

FIGURE 5. Timeline of the lending process

t=|0 t=|l tjz
Both firms ap- Project returns Project returns from
ply for loans to are realized - No second round of
both banks. S bank firm defaults. Both lending are real-
screens - gets a sig- banks get a public ized.
nal n about firm signal np.
type. U bank does Both firms apply
not screen. Lending for loans to both
occurs. banks again. Banks

use the public sig-
nal np to make
lending decisions.

Private signal from screening for the S bank: The S bank conducts a screening process for a bor-
rower’s first-time application, which yields a signal n € {I, h}. The results of the screening process
cannot be observed by the U bank, and hence there are no information spillovers. In the context of cli-
mate risk, screening could include assessment of the firm’s production history, GHG emissions, and
investments in energy efficiency. The signal is informative but imperfect, i.e., it reveals the correct

type of the borrower with probability ¢ (precision of the signal):

Pr(n=hlH)=Pr(n=1[L) = ¢ >

N[+~

Pr(n=HL)=Pr(n=1H)=1-¢

2
There is an increasing and convex cost to screening: C(¢$) = w, which implies that the optimal
level of screening will depend on the parameters of the model. Thus, this becomes a problem of

information acquisition in a perfectly competitive market.

Since there are no information spillovers from screening, the screening bank has an informational
advantage over the non-screening banks. In the second round of lending starting in period t = 1, the
informed bank can choose not to screen again since it already has an informative signal about the
climate-risk related creditworthiness of the borrower. I assume that after the returns from projects

are realized in t = 1, none of the firms has defaulted!2.

Public signal: An informative public signal (np) about transition risk appears in period ¢ = 1,

LThisisa simplifying assumption to abstract from the information generated by the distinction between defaulting and
non-defaulting firms.
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which both banks observe. This signal could be a geopolitical event that positively shocks energy
prices,an adverse weather event that triggers discussions about policy solutions to climate change
and global warming, or the release of new information about the development of a new climate-
friendly technology. This signal is imperfect but informative, independent of the precision of the

signal from screening, and costless to observe.

1
Pr(Tlp = hp|H) = Pr(np = lp|L) =bp2> 2

LEMMA 1.If the types of the borrowers could be perfectly observed, then under the setup of the model, the L
type borrower would not receive a loan from either of the banks. Both banks would compete for the H type
borrower, and with Bertrand-like repeated undercutting, both banks in equilibrium would charge the same

interest rate r to the H type, which would be equal to their break-even interest rate:

1

ppr-1=0=7-= p_h
The effect of imperfect information can be easily surmised from the above information - as the
known probability with which a borrower can be deemed H or L decreases, the equilibrium interest
rate increases, driving the H entrepreneurs out of the borrower pool. This is the standard adverse
selection result. Under perfect competition and with no bank having an informational advantage
over the other, the average probability of success of a borrower would be p as defined above, and the

1

equilibrium interest rate would be 7 = +. Each bank would make zero profit by bidding this interest

i

rate.

LEMMA 2. After observing the signals from screening, the S bank updates its beliefs about the borrowers. The

posterior probabilities for each type are:

Ad
Plype=Hm=h) = o oyan
ey (A=-AA-¢)
P(type_Lm_h)_d)?\+(1—d>)(1—7\)_I_H
TR $¢(1-7) _
Plype=In=0=ga- 0 a-on
P(type=Hpn=1) = AL ®) =1-L

G(1-A)+(1-)A
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The corresponding probabilities of success for a project upon observing the signal 1 are:
p(h) =P(Returns=Rn=h) =Hp, + (1-H)p;
p(l) = P(Returns =Rm =1) = (1-L)p, + Lp;

Upon observing the public signal 1, € {Ip, hp}, both banks update the probabilities of the borrower
being successful. However, there is the possibility of inertia in learning about transition risks by
banks!3. Consistent with (Epstein et al. 2010) and (Cripps 2018), the posterior success probabilities
are a linear combination of the beliefs the banks had in period t = 1 and the Bayesian posterior after
observing the public signal np. This inertia is captured by the parameter p € [0, 1], such that u = 0 is

consistent with strict Bayesian updating, and u = 1 corresponds to no update.

LEMMA 3. The success probabilities used by the S bank to calculate the breakeven interest rates for the different

groups of borrowers are as follows after observing the public signal np :

Ao+ (1-0) (1) (1= ) P
p(hhp) =wp(h) + (1~ “)[ Aobpr (1N 0) (165 l]

A1-¢)d (1-AN)d(1-¢p)
p(lhp) = pp(l) + (1-p) [ )\(1-¢fdf;:(1—7\)¢(1—<b§)pl]

Ab(1-dp) pp+(1-A) (1-P) b
p(hlp) = up(h) + (1-n) [ A¢(1—p¢f§+(l—7\)(1—¢)¢§pl]

A1-9)(1-$pp) pp+(1-N) b
p(llp) =pp(h) +(1-p) [ A(1¢)(1p¢§§:(1?\)¢¢5pl]

The U bank does not conduct screening but observes the public signal, on the basis of which it updates its

beliefs about the borrowers’ types, similar to the update process of the S bank:

* p(hp) = P(Returns = R = hp) = u[Apy + 1-A)p] + (1 - 1) [M)quf;:((ll—_?}\\))((ll:i;))pl]

* pllp) = P(Returns = Rin = p) = w Pvpy + (1= M) + (1= )| X aoen |

3.2.1. Expected profits after observing the public signal
ASSUMPTION 4. The informativeness level of ¢ is such that the borrower with signals 1, 1, is not creditworthy,

ie., p(lly(§)R<1

Since the S bank observes two distinct signals in periods 0 and 1, it can distinguish between four

different types of borrowers based on the signals, and the respective ex-ante profits are as follows!4:

e = (p(hhp)r—1)(1- Fi7 (r))

Bin Appendix C, I provide empirical evidence for how beliefs about exposure to damage from climate change among
individuals might update after witnessing a major state-level disaster while remaining strongly anchored to their beliefs
in the past.

4Gince both 1) and 1 are informative, p(hhp) > p(hp) > p(hlp)andp(hlp) > p(lp) > p(ilp)
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o = (p(hly)r—1)(1- F2(r))

ro? = (p(lhp)r —1)(1- FI2(r))

e = (p(llp)r -1)(1- FE(r))

where F{](r) is the cumulative density function for the U-bank’s interest rate after observing the

public signal j.

Similarly, the expected profits for the U bank, given that it cannot observe the signal from screening

by the S-bank, are:
= Pr(n = hnp = hp)(p(hhp)r —1)(1 - F p(r))+Pr(n—l|np hp)(p(lhp)r-1)(1- Flhp( )
b = Pr(n = hinp = L) (p(hlp)r = 1) (1= Fa? (r)) + Pr(n = Inp = L) (p(llp)r —1)(1 - F5? (1))

where F é(r) are the S bank’s interest rate bidding distribution for j = hhp, lhp, hip, I,

Consistent with the standard result for competition under asymmetric information, the U bank
does not make positive expected profits with simultaneous bidding, since it does not have any infor-
mational advantage over the S bank, even after observing the public signal (Engelbrecht-Wiggans et

al. 1983). Thus, the U bank will break even in equilibrium.

Proposition 1: The competition between the S bank and the U bank has a mixed strategy equilibrium for
borrowers facing both types of public signals. The common support for interest rates for borrowers facing
Np = hpis [Ty, T1p,), and the common support for borrowers facing np = lp is [7} , R). The S bank does not

bid for borrowers facing the signals (1, 1p)

Proof: For borrowers facing public signal np = hj, the breakeven interest rate for the U bank is
r};]p =Th, = #h,ﬂ' At this interest rate, the U bank is able to capture the hp borrowers for sure. The S
bank has an informational advantage and can distinguish between hhp and lhp borrowers. Charging
Tp, to the hhp borrowers, the S bank makes positive profits since hy p(hhp) -1 = I;((hhhp)) -1>0,
and hence, it has no reason to charge below this interest rate. However, for the [k, borrower, Tih, =

p(l;h’) > Tp,,- With repeated undercutting, the S-bank charges 7y, in a pure strategy and makes zero

profits.

By the definition of ¢, the S bank does not lend to the I, borrower. The U bank captures any
lp borrower at the breakeven interest rate T, = #lp)’ and to maintain the borrower’s participation
constraint, it will not charge any borrower more than R. Since 7;,; = —+— < 7;_, the S-bank will make

p p(hlp) ~'tp

positive profits by charging 71, S0, the lower bound for the support for interest rate charged to the
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lp borrower is 7; 15,
p

Since 7y, < Tpp, <Tpp, ¥V bp2 %, the distribution of the expected interest rate for a borrower facing
a public signal hp lies to the left of the distribution of the expected interest rate for a borrower facing
a public signal I, such that there is no overlap between the two distributions. This implies that the
expected interest rate paid by a borrower facing h, hp signals will be lower than that for any borrower

facing a public signal I.

LEMMA 4. The cumulative distribution functions over which the S bank can choose interest rates after observ-

ing the public signalmp € {hp, lp} are:

thp(r) - 1- P(lhp)r ) Pr(n = l|ﬂp = hp)
S P(hhp)r‘l P(Tl=h|ﬂp=hp)
Pir(y 21 Lo PR Prin=Inp=1,)

~ p(hlp)r =1 Pr(n=hnp=lp)

The cumulative distribution functions over which the U bank can choose interest rates after observing the

public signal mp € {hp, L} are:

hh)r, -1

ng(r) 1 p(hhp) hp
p(hhp)r—l
hl)r -1

Fg’(r):l—p( p) lp
p(hlp)r-1

Proof: Equilibrium profits for both banks must be the same for any r in the common support
derived in Proposition 1 for the banks to not deviate. Consequently, using the profit functions con-

ditional on public signals defined above:

* From the S bank’s expected profits conditional on observing the public signal hy, for a borrower:

ns(p = hp) = (p(hhp)ry, - 1) = (p(hhp)r-1)(1- F?f’(r))16
P(hhp)?hp -1

hp _ _
= Fr ()= iy 1

* From the U bank’s expected profits conditional on observing the public signal h for a borrower:

iy (Mp = hp) = P(n = hinp = hp) (p(hhp)r = 1) (1= Fa'? (r)) + Pr(n = Inp = hp) (p(lhp)r - 1) = 07
1= p(lhp)r _ Pr(n =Inp = hp)
P(hhp)r— 1 P(n-= h|T1p = hp)

157 separate case for when the screening is sufficiently informative is when the S bank lends to the I p borrower. Results
for this case are currently in progress

hh
= F P(ry=1
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* From the S bank’s expected profits conditional on observing the public signal I, for a borrower:

ms(Mp = lp) = (p(hlp)7y, 1) = (p(hlp)r - 1)(1 - Fg ()
p(hlp)?lp -1

l
F2(r)=1-
= Fy(n) p(hlp)r-1

* From the U bank’s expected profits conditional on observing the public signal I, for a borrower:

mu(Mp = L) = P = Binp = L) (p(hlp)r —1) (1= FI(r)) + Pr(n = Inp = Lp) (p(ILp)7 — 1) = 019
1- p(llp)r . Pr(n= l|np = lp)
p(hlp)r -1 Pr(n= h|np = lp)

hl
=FgP(r)=1-

3.3. Expected interest rates

The interest rate paid by a borrower on a loan will be the min{rg, riy}, where rg is the interest rate
offered by the screening bank and ry; is the interest rate offered by the non-screening bank. In order
to compare the effect of belief updates on the interest rates, I calculate the expected interest rates for

borrower group j where j € {hhy, lhp, lhp, 5}, i.e.

upper_bound . . . .
rdF(r); whereF(r) = Fg(r) +Fl(r) - Fg(r)F{,(r)

E [min{ré, r{]}] = [Z

ower_bound

The distribution function for the minimum interest rate is derived as above since Fg(r) and Fy(r) are
independent as both banks bid simultaneously. The distribution function for expected interest rates

for all the groups are:

FMhe(r) = thp(r) + Flh]p(r) — thp(r)FZp(r) where e [ry ,Tp,)
Flhe(r) = ng(r) where re[ry ,Tip,)

hl l hl l —
Fhle(r) = Fg P (r) + F(r) — Fg P(r)F{/(r) where re[r,R)

Fllo (1) = Fg’(r) where re¢ [?lp, R)

Proposition 2: Conditional on any private signal 1 from the screening process in the first period, the ex-
pected interest rate will be higher for borrowers who receive a low public signal in the second period, i.e.
E [rllp] >E [rlhp] and E [rhlp] >E [rhhp]' The interest rate differentials at a given level of ¢ and ¢ p decrease
as the underreaction (i.e., W) increases.

Proof: Given the structure of the distribution functions for interest rates for different borrower

groups, for borrowers who receive a low signal from private screening conducted by the S bank
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in the first period:

(p(hhp)7y, ~ 1)
Fun, (1) =1~ [ (p(hy)r 1) ]
(phLp)r, —1>]
(p(hlp)r —1)

= E[m,]| - E[r,] = [n :rdFllp(r)— fr th rdFy, (1)

) fR p(hlp)7, = 1) puy, o /(rlhp (p(hhp)Typ, = 1) Ppp, 0
fi,  (p(hlp)r-1) Thp (p(hhp)r—1)2
whichis >0 V ¢,¢ 21 and pel0,1
P=3

Fy,(r)=1- [

Similarly, for borrowers who received a high signal from private screening conducted by the S bank

in the first period:
P 1 (1- P(lhp)r)(P(hhp)?hp ~D[ Pr(n = Inp =hp)
g (1) =17 [ (p(hhp)r—1)2 ] [Pr(n “Tinp - hp>]
P 1 (1-p(llp)r)(p(hlp)Ty, =1 Pr(n =1np =1p)
iy (1) = 1= [ (p(hlp)r—1)2 ] [Pf(n Zhinp - zp>]

=FE [rhlp] -E [rhhp] = Af rthlp(r) - ﬁ}:hp rdFlhp(r)

whichis >0 V d),(bpzé and pe([0,1]

The detailed proof of Proposition 2 is presented in Appendix B. The relationship between interest rate
differentials and p varies with different levels of informativeness for the private screening signal ¢.
When screening is highly informative, ignoring a highly informative public signal would imply that
interest rate differentials are in favor of borrowers, with the public signal pointing to [, (Figure 6).
Moreover, with increasing underreaction (or increasing ), the decline in interest rate differentials is
steeper under an increase in the informativeness of the public signals, since the information loss due

to the underreaction is higher (Figure 7).

FIGURE 6. Expected interest rate differential (High informativeness of screening)
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FIGURE 7. Expected interest rate differential (Medium informativeness of screening)
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FIGURE 8. Expected interest rate differential (Low informativeness of screening)
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Proposition 2 provides a mechanism to understand the emerging empirical literature on the pric-
ing of firms’ transition risk exposure in lending contracts. An informative public signal about transi-
tion risk, such as a carbon policy announcement, or improvements in renewable energy technology,
provides an additional tool to (partially) resolve imperfect information in a perfectly competitive

banking environment. These predictions are consistent with the empirical findings in Section 2.

3.4. Expected second-period profits for the screening bank

The S bank makes zero profits on borrowers facing signals (1, hp) and does not bid for borrowers fac-

ing signals (I, [p). Substituting for the cumulative distribution functions for the interest rates offered
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by the uninformed bank, the expected profit function for the specialized bank is:

(¢ -0.5)
2
)\(b(l)pph"‘(1_7‘)(1_43)(1_49}9)}71? _1]
Apdp+ (1-A)(1-d)(1-dp)
Ab(L-bp)py+ (1-N (1= d)dpp;_ _1]_ (¢ -0.5)°
A(1-bp)+(1-N)(A-d)bp 7 2

mg = P(n = hjnp = hp)(P(hhp)?hp -1)+P(=hpnp = lp)(P(hlp)?lp -1)-

=[Addp+ (1-N(1-d)(1-dp)]- [

+ [7\(1— P)pp+(1-A)b(1- d)p)] ‘ [

The specialized bank’s resultant profit maximization function is:

2
_ _ -0.5
mdz);lx Ttg = P( = hinp = hp)(P(hhp)rhp -1)+P(m =hnp = lp)(P(hlp)rlp -1)- (d)T)
s.t. 0.5<p<1
0.5<pp<1

The second period gross profits (and hence the informational advantage) of the screening bank are
not linearly increasing in ¢ and depend on the precision of the public signal ¢, and the level of
underreaction p. The maximum profits of the informed bank increase as p increases because the
uninformed bank is no longer taking advantage of a costless and informative signal, giving the in-
formed bank an informational advantage. Keeping all other parameters constant, maximum profits

decrease with ¢ p.

Moreover, this decrease is sharper when p is smaller or when banks” updates are Bayesian (Figure
9). This could again be attributed to informational advantage. With more informative public signals,
the uninformed bank can update its beliefs about the success probabilities of the borrower —which, in
a perfectly competitive market, would lower the equilibrium interest rates and thereby lower profits.
The update in success probabilities is greater when the banks are Bayesian, and thus the competition

resulting from the public signal would be stronger.
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FIGURE 9. Optimal profits for the screening bank
A. With ¢, B. With 1
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3.5. Optimal private information acquisition (¢*)

Proposition 3: The informed lender facing A, py, p; optimally chooses ¢~ by maximizing 1, such that (i)
V &p 3 1€ [0,1] for which ¢*(dp, 0 > 1) = 1and (i) ¥V ¢p > 0.5, ¢* increases non-monotically with
i € [0, it]. The profit-maximizing level of information acquisition by the informed bank ¢* nonlin-
early increases with p given sufficiently high-quality public information ¢ (Figure 10). This result is
aligned with the literature on the crowding-out effects of public information, specifically, with the
theoretical work showing that more informative public signals crowd out the acquisition of private
information (Colombo et al. 2014). However, the underreaction parameter adds another dimension
to this analysis in this model of convex information costs and nonlinear profits. While private in-
formation acquisition is lower for more informative public signals, this effect only holds true if the
lender is sufficiently Bayesian. After crossing a certain threshold of p, the lenders” underreaction to
public information is sufficient for the informed lender to depend upon private information acquisi-

tion to achieve a profit-maximizing informational advantage over the uninformed lender.
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FIGURE 10. Optimal level of screening
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3.6. Private information acquisition and average project quality

REMARK 1. The crowding-out effect of public information on private information also varies with the average
borrower quality in the economy (Figure 11). As the probability of success for the average borrower (p =
Apy + (1= Q) py) increases, given high levels of informativeness for public information, private information
acquisition increases if the lenders are sufficiently Bayesian (i.e., u < [i). This implies that the lender depends

more on private information given higher average credit risk in the economy.

This “state dependence” of private information acquisition is further affected by the underreaction
of the lenders. With the greater average success probability of a borrower, the threshold of underre-
action after which the lender depends only on private information acquisition (despite more precise
public information) increases, implying a greater incorporation of public information into the opti-

mal decision for underreaction below a threshold .

FIGURE 11. Optimal private information acquisition with average borrower quality
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Consequently, there is an impact on interest rate differentials. States of poor average borrower
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quality reduce the threshold of underreaction below which the lender relies on both public and pri-

vate information. As the average borrower quality increases, the crowding-out effects of public infor-

mation on private information become apparent, in that the screening lender’s incentive to acquire

private information is reduced. Under a certain threshold of underreaction, this crowding-out effect

steadily declines as underreaction increases, implying that the level of private information acquired

increases to approach perfect quality. The interest rate differential between more and less exposed

borrowers increases even with increasing underreaction due to increasing private information.

Beyond that threshold, the interest rate differential again declines with underreaction (Figures 12

and 13). This implies that for low p, even small levels of underreaction to an informative public signal

can result in a lower interest rate differential between more and less exposed borrowers. This mecha-

nism is especially relevant for understanding the dynamics of bank financing for green technologies

in times of higher average credit or liquidity risk in the economy:.

FIGURE 12. Interest rate differential and average borrower quality (for borrowers withn = h)
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4. Conclusion

In this paper, I show the role industry-specific bank specialization plays in pricing transition risk.
Specialized banks can better price regulatory components of climate transition risk for firms in the
E.U., a region that has seen consistent activity on environmental regulations and climate disclosures
over the past decade. I also show how specialized banks might not necessarily respond to an oil
supply news shock, even though the shock is relevant for energy prices and, therefore, the returns
of energy-intensive firms. I also show that this pattern is stronger after increased financial stress in
the economy, implying that browner firms are more likely to receive favorable lending rates during

times of aggregate financial stress.

I reconcile these empirical facts with a model of costly screening and underreaction to costless pub-
lic information in a competitive bank lending framework. Through a higher capacity for information
acquisition, specialized banks can better distinguish between the more and less exposed borrowers.
However, banks’ reaction to public information about transition risk can lead to interest rate differ-
entials in favor of more exposed firms, conditional on the signal provided by the screening. I also
discuss the effects of non-Bayesian updating on the specialized bank’s optimal information acquisi-
tion. I show that during periods of poor average borrower quality, the specialized bank has a higher
incentive to depend on private information, and the effect of underreaction on the decline in interest

rate differential is even stronger.

This paper’s empirical and theoretical results provide relevant insights into the mechanisms nec-
essary to accelerate private financing of “green” projects. High-quality scientific and policy commu-
nication about climate change has still not been incorporated in lending decisions and may point
towards inertia or underreaction by lenders in incorporating public signals about transition risks.
Instead, policies that lower the costs of information acquisition by banks to understand the exposure
of their borrowers to climate change will alleviate the information asymmetry across both special-
ized and non-specialized banks, resulting in more favorable financing terms for “green” or “carbon-
neutral” firms. Policies in the form of comprehensive climate stress-testing frameworks or mandated
disclosure of firms” emissions and carbon-risk exposure can provide significant insights for lenders

to incorporate climate risks in their lending decisions.
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Tables

Descriptive statistics for loan pricing analysis
TABLE 1. Summary statistics - Syndicated bank loans 2010 - 2022

Variable Mean Median Standard Deviation Max Min
AISD (bps) 188.708 170 65 350  109.181
Log (Total Assets) 9.099 8.889 6.923 11.481 1.755
Leverage Ratio 0.376 0.352 0.155 0.609 0.206
Capex/Total Assets 0.348 0.280 0.059 0.760 0.261
EBITDA /Total Assets 11.474 10.519 5.327 19.226 5.742
Log (Tranche Amount) 6.425 6.477 4.751 8.006 1.238
Maturity 50.632 60 18 71 18.939
Bank Specialization 0.031 0.023 0.002 0.074 0.029
No. of Lenders 12.920 11 4 25 8.444
Variable Yes (Percentage)  No (Percentage)

Negative Regulatory Exposure 7.826 92.174

Negative Technological Exposure 21.625 78.375

Collateralized 42.730 57.270

Covenants 41.396 58.604

TABLE 2. Summary statistics - Syndicated bank loans for firms with high Scope 1 and 2 emission
intensity (above median)

Variable Mean Median Standard Deviation Max Min

AISD (bps) 183.932 150 70 325 114.651
Log (Total Assets) 9.891 9.773 7.763 11.811 1.869

Leverage Ratio 0.364 0.341 0.180 0.562 0.186

Capex/Total Assets 0.491 0.479 0.159 0.825 0.251

EBITDA /Total Assets 10.803 9.875 5.052 18.154 7.069

Log (Tranche Amount) 6.530 6.620 4912 8.161 1.278

Maturity 51.115 60 12 72 26.410
Bank Specialization 0.028 0.019 0.002 0.064 0.031

No. of Lenders 14.484 12 4 27 10.930
Variable Yes (Percentage)  No (Percentage)

Collateralized 28.190 71.810

Covenants 22.694 77.306
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TABLE 3. Summary statistics - Syndicated bank loans for firms with negative technological exposure

Variable Mean Median Standard Deviation Max Min
AISD (bps) 161.388 140 40 300 102.962
Log (Total Assets) 9.871 9.895 7.595 12.016 1.805
Leverage Ratio 0.343 0.331 0.142 0.543 0.178
Capex/Total Assets 0430 0.406 0.095 0.773 0.252
EBITDA /Total Assets 10.235 9.356 4.758 17.073 5.359
Log (Tranche Amount) 6.633 6.727 4.888 8.288 1.285
Maturity 48.009 60 12 63 20.285
Bank Specialization 0.027 0.019 0.002 0.064 0.026
No. of Lenders 14.271 12 4 28 9.186

Variable

Yes (Percentage)

No (Percentage)

Negative Regulatory Exposure
Collateralized
Covenants

22.445
25.645
25.816

77.555
74.355
74.184

TABLE 4. Summary statistics - Syndicated bank loans for firms with negative regulatory exposure

Variable Mean Median Standard Deviation Max Min
AISD (bps) 169.328 150 45 325 106.869
Log (Total Assets) 9.969 10.137 8.031 11.782 1.510
Leverage Ratio 0.333 0.326 0.181 0.498 0.133
Capex/Total Assets 0.502 0.515 0.148 0.807 0.246
EBITDA /Total Assets 9.687 8.980 4.334 17.077 5.176
Log (Tranche Amount) 6.773 6.908 5.011 8.370 1.280
Maturity 49.387 60 12 63 19.689
Bank Specialization 0.028 0.021 0.002 0.064 0.026
No. of Lenders 14.477 12 4 27 8.952

Variable

Yes (Percentage)

No (Percentage)

Negative Technological Exposure
Collateralized
Covenants

63.406
26.105
25.983

36.594
73.895
74.017
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Results: Bank Specialization and Firm-level Transition Risk Measures

TABLE 5. Regression of AISD (bps) on Emission Intensity

All-in-spread-drawn (bps)

All EU Us
Log (Scope 1 and 2 emission intensity);_; 2.13 -14.04 -2.16
(2.29) (7.56) (2.92)
Specialization;_; -36.19 73.55 -36.93
(42.23)  (93.13) (40.40)
Log (Emission Intensity);_; x Specialization;_; 4.05 -24.23 11.31
(8.60)  (20.32)  (8.62)
Firm-level controls v v v
Loan-level controls v v ve
R? 0.82552 0.94970 0.79503
Observations 51,666 8,251 36,031
Borrower EE. v v Ve
Lender-Year FE. v v v
Industry-Year FE. v ve ve
Deal-Purpose EE. v v v

Note: This table reports estimates from the regression specification given in equation 1 estimated syndicated loan-level
data for 2011-2023. I estimate if firms with higher emission intensity higher lending rates, and whether banks specializing
in the borrower’s industry charge higher rates relative to non-specializing banks. The dependent variable is All-in-spread-
drawn (bps). Column 1 reports results for all firms, column 2 reports the result for lending contracts made for E.U. firms,
and column 3 reports the result for lending contracts made for firms headquartered in the U.S. Borrower, Lender-Year,
SIC 2-digit industry-year, and loan purpose fixed effects are included across all specifications. Firm-level controls include
log of total assets of the borrower in US dollars, leverage ratio, ratio of capital expenditure to total assets, and the ratio
of EBITDA to total assets. Loan-level controls include the maturity of the contract (logarithmic), number of lenders in the
syndicate (logarithmic), whether the contract is secured, whether the contract has any covenants, and the loan amount

(logarithmic). Standard errors are clustered at the borrower level, and and are reported in parentheses. The significance of

coefficient estimates is indicated by *** for p < 0.001, ** for p < 0.01, * for p < 0.05.
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TABLE 6. Regression of AISD (bps) on Negative Regulatory Exposure

All-in-spread-drawn (bps)

All EU Us
Reg. Sentiment;_; 12.70**  -17.77* 13.75**
(4.84) (7.91) (4.99)

Specialization;_; -25.05 -39.20 -5.44

(19.74) (28.19) (20.67)
Reg. Sentiment;_; x Specialization; ; -31.71 163.53" -14.66
(43.62) (66.52) (46.60)

Firm-level controls v v v
Loan-level controls N N v
R? 0.79 0.95 0.76
N 65,866 8,882 49,407

Borrower EE.
Lender-Year EE.
Industry-Year FE.
Deal-Purpose EE.

SURNENEN
SURNENEN
SURNENEN

Note: This table reports estimates from the regression specification given in equation 1 estimated syndicated loan-level
data for 2011-2023. I estimate if firms with negative exposure to climate policies and regulations face higher lending rates,
and whether banks specializing in the borrower’s industry charge higher rates relative to non-specializing banks. The
dependent variable is All-in-spread-drawn (bps). Column 1 reports results for all firms, column 2 reports the result for
lending contracts made for E.U. firms, and column 3 reports the result for lending contracts made for firms headquar-
tered in the U.S. Borrower, Lender-Year, SIC 2-digit industry-year, and loan purpose fixed effects are included across all
specifications. Firm-level controls include log of total assets of the borrower in US dollars, leverage ratio, ratio of capital
expenditure to total assets, and the ratio of EBITDA to total assets. Loan-level controls include the maturity of the con-
tract (logarithmic), number of lenders in the syndicate (logarithmic), whether the contract is secured, whether the contract
has any covenants, and the loan amount (logarithmic). Standard errors are clustered at the borrower level, and and are
reported in parentheses. The significance of coefficient estimates is indicated by *** for p < 0.001, ** for p < 0.01, * for

p <0.05.
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TABLE 7. Regression of AISD (bps) on Negative Technological Exposure

All-in-spread-drawn (bps)

All EU Us

Tech. Sentiment;_; -3.30 -2.36 -2.46
(3.28) (6.24) (3.38)

Specialization;_; -18.04 -35.68 1.42

(20.89) (33.75) (21.59)
Tech. Sentiment;_; x Specialization;_; -46.05  31.89 -45.66
(30.94) (49.98) (32.48)

Firm-level controls v v v
Loan-level controls N v Ve
R? 0.79 0.95 0.76
N 65,866 8,882 49,407

Borrower FE.
Lender-Year EE.
Industry-Year FE.
Deal-Purpose EE.

SURNENEN
YRR
SURNENEN

Note: This table reports estimates from the regression specification given in equation 1 estimated syndicated loan-
level data for 2011-2023. I estimate if firms with negative exposure to green technology-related developments face higher
lending rates, and whether banks specializing in the borrower’s industry charge higher rates relative to non-specializing
banks. The dependent variable is All-in-spread-drawn (bps). Column 1 reports results for all firms, column 2 reports the
result for lending contracts made for E.U. firms, and column 3 reports the result for lending contracts made for firms
headquartered in the U.S. Borrower, Lender-Year, SIC 2-digit industry-year, and loan purpose fixed effects are included
across all specifications. Firm-level controls include log of total assets of the borrower in US dollars, leverage ratio, ratio
of capital expenditure to total assets, and the ratio of EBITDA to total assets. Loan-level controls include the maturity of
the contract (logarithmic), number of lenders in the syndicate (logarithmic), whether the contract is secured, whether the
contract has any covenants, and the loan amount (logarithmic). Standard errors are clustered at the borrower level, and
and are reported in parentheses. The significance of coefficient estimates is indicated by *** for p < 0.001, ** for p < 0.01, *

for p < 0.05.
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Results: Bank Specialization and Firm-level Transition Risk Measures Post-Oil Supply
News Shock
TABLE 8. Regression of AISD (bps) on Emission Intensity and Oil Supply News Shocks (All)

All-In-Spread-Drawn (bps)
@ 2 3 4

Log (Scope 1 and 2 emission intensity);_; 2.22 2.05 1.95 2.39
(2.33) (2.31) (2.34) (2.29)
Specialization;_; -51.36 -36.80  -40.41 -40.73
(41.94) (4249) (4332) (42.08)
Oil Supply News Shock;_; 25.92
(13.78)
Specialization;_; x Oil Supply News Shock;_; 292.40*
(127.03)
Log (Scope 1 and 2 emission intensity);_; x Oil Supply News Shock;_; -4.91
(2.69)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; 8.85 4.04 6.37 5.24

(8.80) (8.62) (8.59) (8.41)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Oil Supply News Shock;_; -70.72**

(26.53)
Oil Supply News Shock;_» -17.04
(12.77)
Specialization;_; x Oil Supply News Shock;_» 163.70
(127.01)
Log (Scope 1 and 2 emission intensity);_; x Oil Supply News Shock;_, 4.54
(2.45)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Oil Supply News Shock;_» -39.09
(28.60)
Oil Supply News Shock;_3 9.30
(14.62)
Specialization;_; x Oil Supply News Shock;_3 -204.23
(112.89)
Log (Scope 1 and 2 emission intensity);_; x Oil Supply News Shock;_3 -5.23
(2.76)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Oil Supply News Shock;_3 17.31
(23.82)
Oil Supply News Shock;_4 -4.47
(10.88)
Specialization;_; x Oil Supply News Shock;_4 -116.13
(103.63)
Log (Scope 1 and 2 emission intensity);_; x Oil Supply News Shock;_4 2.25
(2.42)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Oil Supply News Shock;_4 25.67
(23.54)
Firm-level controls v v v
Loan-level controls v v v v
R? 0.83 0.83 0.83 0.83
N 51,666 51,666 51,666 51,666
Borrower EE. v v v v
Lender-Year EE. v v v v
Industry-Year EE. v v v v
Deal-Purpose EE. v v v v

Note: This table reports estimates from the regression specification given in equation 1 estimated syndicated loan-
level data for 2010-2022 for the entire sample. I estimate if firms with higher emission intensity face higher lending rates,
whether banks specializing in the borrower’s industry charge higher rates relative to non-specializing banks, and whether
this effect is stronger 1 - 4 quarters after an oil supply news shock. The dependent variable is All-in-spread-drawn (bps).
Borrower, Lender-Year, and SIC 2-digit industry-year fixed effects are included across all specifications. Firm-level controls
include log of total assets of the borrower in US dollars, leverage ratio, ratio of capital expenditure to total assets, and the
ratio of EBITDA to total assets. Loan-level controls include the maturity of the contract, whether the contract is secured,
whether the contract has any covenants, and the log of the loan amount. Standard errors are clustered at the borrower
level, and are reported in parentheses. The significance of coefficient estimates is indicated by *** for p < 0.001, ** for

p<0.01, * for p < 0.05.
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TABLE 9. Regression of AISD (bps) on Negative Regulatory Exposure and Oil Supply News Shocks

All-In-Spread-Drawn (bps)

) ) ©) (4)
Reg. Sentiment;_; 12.52*  12.47** 1298  12.04**
(4.88) (4.83) (4.70) (4.64)
Specialization;_; -25.11 -24.40 -22.24 -24.66
(19.74)  (19.71)  (19.80)  (19.70)
Oil Supply News Shock;_; -1.88
(5.48)
Specialization;_; x Oil Supply News Shock;_; 98.23
(54.49)
Reg. Sentiment;_; x Oil Supply News Shock;_; 8.78
(12.35)
Reg. Sentiment;_; x Specialization;_; -32.62 -28.28 -27.47 -35.63

(45.50) (43.95)  (44.33)  (43.54)
Reg. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_;  -33.18

(118.33)
Oil Supply News Shock;_» -3.03
(4.81)
Specialization;_; x Oil Supply News Shock;_» -53.54
(53.54)
Reg. Sentiment;_; x Oil Supply News Shock;_, 17.28
(12.97)
Reg. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_» 89.82
(156.75)
Oil Supply News Shock;_3 0.88
(5.30)
Specialization;_; x Oil Supply News Shock;_3 -169.57**
(53.58)
Reg. Sentiment;_; x Oil Supply News Shock;_3 -23.22
(12.98)
Reg. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_3 37.60
(128.73)
Oil Supply News Shock;_4 2.51
(4.33)
Specialization;_; x Oil Supply News Shock;_4 30.56
(47.13)
Reg. Sentiment;_; x Oil Supply News Shock;_4 -19.75
(10.62)
Reg. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_4 -58.45
(132.46)
Firm-level controls v v v v
Loan-level controls v v v v
R? 0.79 0.79 0.79 0.79
N 65,866 65,866 65,866 65,866
Borrower F.E. v v v v
Lender-Year FE. v v v v
Industry-Year FE. v v v v
Deal-Purpose FE. v v v v

Note: This table reports estimates from the regression specification given in equation 1 estimated syndicated loan-level
data for 2010-2022 for the entire sample. I estimate if firms with negative climate regulatory exposure face higher lending
rates, whether banks specializing in the borrower’s industry charge higher rates relative to non-specializing banks, and
whether this effect is stronger 1 - 4 quarters after an oil supply news shock. The dependent variable is All-in-spread-drawn
(bps). Borrower, Lender-Year, SIC 2-digit industry-year, and Deal-Purpose fixed effects are included across all specifica-
tions. Firm-level controls include log of total assets of the borrower in US dollars, leverage ratio, ratio of capital expenditure
to total assets, and the ratio of EBITDA to total assets. Loan-level controls include the maturity of the contract (logarithmic),
number of lenders in the syndicate (logarithmic), whether the contract is secured, whether the contract has any covenants,
and the loan amount (logarithmic). Standard errors are clustered at the borrower level, and are reported in parentheses.

The significance of coefficient estimates is indicated by *** for p < 0.001, ** for p < 0.01, * for p < 0.05.
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TABLE 10. Regression of AISD (bps) on Negative Technological Exposure and Oil Supply News
Shocks (All)

All-In-Spread-Drawn (bps)

@ @) @) (4)
Tech. Sentiment;_; -3.22 -3.15 -3.21 -3.38
(3.31) (3.28) (3.29) (3.28)
Specialization;_; -17.84  -18.57 -14.96 -17.36
(20.84) (20.82)  (21.04)  (20.93)
Oil Supply News Shock;_; 0.74
(6.24)
Specialization;_; x Oil Supply News Shock;_; 100.29
(58.45)
Tech. Sentiment;_; x Oil Supply News Shock;_; -3.75
(9.64)
Tech. Sentiment;_; x Specialization;_; -4494 4173 -47.67 -46.47

(31.07) (30.68)  (32.36)  (31.10)
Tech. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_; -45.26

(97.71)
Oil Supply News Shock;_» 1.64
(5.05)
Specialization;_; x Oil Supply News Shock;_2 -39.05
(56.71)
Tech. Sentiment;_; x Oil Supply News Shock;_» -12.20
(8.73)
Tech. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_» -38.83
(107.10)
Oil Supply News Shock;_3 -2.22
(5.97)
Specialization;_; x Oil Supply News Shock;_3 -174.51**
(58.25)
Tech. Sentiment;_; x Oil Supply News Shock;_3 4.31
(8.97)
Tech. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_3 36.32
(108.92)
Oil Supply News Shock;_4 0.86
(4.42)
Specialization;_; x Oil Supply News Shock;_4 32.92
(48.58)
Tech. Sentiment;_; x Oil Supply News Shock;_4 -2.74
(8.98)
Tech. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_4 -32.83
(104.65)
Firm-level controls v v v v
Loan-level controls v v v v
R? 0.79 0.79 0.79 0.79
N 65,866 65,866 65,866 65,866
Borrower EE. v v v v
Lender-Year FE. v v v v
Industry-Year FE. v v v v
Deal-Purpose EE. v v v v

Note: This table reports estimates from the regression specification given in equation 1 estimated syndicated loan-
level data for 2010-2022 for the entire sample. I estimate if firms with negative green technology-related exposure face
higher lending rates, whether banks specializing in the borrower’s industry charge higher rates relative to non-specializing
banks, and whether this effect is stronger 1 - 4 quarters after an oil supply news shock. The dependent variable is All-in-
spread-drawn (bps). Borrower, Lender-Year, SIC 2-digit industry-year, and Deal-Purpose fixed effects are included across
all specifications. Firm-level controls include log of total assets of the borrower in US dollars, leverage ratio, ratio of capital
expenditure to total assets, and the ratio of EBITDA to total assets. Loan-level controls include the maturity of the contract
(logarithmic), number of lenders in the syndicate (logarithmic), whether the contract is secured, whether the contract has
any covenants, and the loan amount (logarithmic). Standard errors are clustered at the borrower level, and are reported in

parentheses. The significance of coefficient estimates is indicated by *** for p < 0.001, ** for p < 0.01, * for p < 0.05.
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TABLE 11. Regression of AISD (bps) on Emission Intensity and Oil Supply News Shocks (EU)

All-In-Spread-Drawn (bps)
1) 2) 3) 4)

Log (Scope 1 and 2 emission intensity) ;_1 -14.61 -14.39 -11.18 -14.21
(7.67) (7.54) (7.26) (7.94)
Specialization;_; 83.40 67.87 74.44 48.85
(90.56)  (93.27)  (92.94) (85.01)
Oil Supply News Shock;_; 32.15
(31.42)
Specialization;_; x Oil Supply News Shock;_; -208.97
(258.58)
Scope 1 and 2 emission intensity;_; x Oil Supply News Shock;_; -10.34
(7.76)
Emission Intensity;_; x Specialization;_; -26.06 -23.10 -23.21 -20.98

(19.66) (20.73)  (20.16)  (18.70)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Oil Supply News Shock;_;  16.53

(50.51)
Oil Supply News Shock;_» -69.12
(74.20)
Specialization;_; x Oil Supply News Shock;_» 495.85
(400.61)
Log (Scope 1 and 2 emission intensity);_; x Oil Supply News Shock;_» 8.72
(14.99)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Oil Supply News Shock;_» -79.97
(56.97)
Oil Supply News Shock;_3 90.66
(66.33)
Specialization;_; x Oil Supply News Shock;_3 -104.17
(273.72)
Log (Scope 1 and 2 emission intensity);_; x Oil Supply News Shock;_3 -19.99
(14.07)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Oil Supply News Shock;_3 16.38
(52.49)
Oil Supply News Shock;_4 -38.29
(43.87)
Specialization;_; x Oil Supply News Shock;_4 -222.82
(294.32)
Log (Scope 1 and 2 emission intensity);_; x Oil Supply News Shock;_4 9.52
(9.45)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Oil Supply News Shock;_4 5.33
(58.97)
Firm-level controls v v v v
Loan-level controls v v v v
R? 0.95 0.95 0.95 0.95
N 8,251 8,251 8,251 8,251
Borrower EE. v v v v
Lender-Year EE v v v v
Industry-Year F.E v v v '
Deal-Purpose FE v v v v

Note: This table reports estimates from the regression specification given in equation 1 estimated syndicated loan-level
data for 2010-2022 for firms headquartered in the E.U. I estimate if firms with higher emission intensity face higher lending
rates, whether banks specializing in the borrower’s industry charge higher rates relative to non-specializing banks, and
whether this effect is stronger 1 - 4 quarters after an oil supply news shock. The dependent variable is All-in-spread-
drawn (bps). Borrower, Lender-Year, SIC 2-digit industry-year, and Loan-Purpose fixed effects are included across all
specifications. Firm-level controls include log of total assets of the borrower in US dollars, leverage ratio, ratio of capital
expenditure to total assets, and the ratio of EBITDA to total assets. Loan-level controls include the maturity of the contract
(logarithmic), number of lenders in the syndicate (logarithmic), whether the contract is secured, whether the contract has
any covenants, and the loan amount (logarithmic). Standard errors are clustered at the borrower level, and are reported in

parentheses. The significance of coefficient estimates is indicated by *** for p < 0.001, ** for p < 0.01, * for p < 0.05.
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TABLE 12. Regression of AISD (bps) on Negative Regulatory Exposure and Oil Supply News Shocks
(EU)

All-In-Spread-Drawn (bps)
1) @ @) 4)

Reg. Sentiment;_; -17.51*  -21.02* -16.94* -17.57*
(7.85) (8.35) (8.21) (8.14)
Specialization;_; -37.51 -36.10 -38.62 -49.40
(28.35)  (29.79) (28.29)  (28.34)
Oil Supply News Shock;_; 0.64
(15.26)
Specialization;_; x Oil Supply News Shock;_; -153.77
(102.04)
Reg. Sentiment;_; x Oil Supply News Shock;_; -5.18
(15.96)
Reg. Sentiment;_; x Specialization;_; 148.87* 156.67* 159.91* 162.21*

(65.97) (69.49) (64.34) (71.59)
Reg. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_;  268.54

(221.85)
Oil Supply News Shock;_» -25.76
(21.16)
Specialization;_; x Oil Supply News Shock;_» 191.60
(150.79)
Reg. Sentiment;_; x Oil Supply News Shock;_» -24.83
(16.19)
Reg. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_» 82.65
(219.94)
Oil Supply News Shock;_3 3.59
(20.23)
Specialization;_; x Oil Supply News Shock;_3 -88.99
(128.27)
Reg. Sentiment;_; x Oil Supply News Shock;_3 -8.38
(21.88)
Reg. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_3 124.59
(179.17)
Oil Supply News Shock;_4 8.78
(14.08)
Specialization;_; x Oil Supply News Shock;_4 -173.64
(131.84)
Reg. Sentiment;_; x Oil Supply News Shock;_4 -10.46
(15.14)
Reg. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_4 88.37
(288.37)
Firm-level controls v v v v
Loan-level controls v v v v
R? 0.95 0.95 0.95 0.95
N 8,882 8,882 8,882 8,882
Borrower EE. v v v v
Lender-Year EE. v v v v
Industry-Year EE. v v v v
Deal-Purpose FE. v v v v

Note: This table reports estimates from the regression specification given in equation 1 estimated syndicated loan-level
data for 2010-2022 for firms headquartered in the E.U. I estimate if firms with negative climate regulatory exposure face
higher lending rates, whether banks specializing in the borrower’s industry charge higher rates relative to non-specializing
banks, and whether this effect is stronger 1 - 4 quarters after an oil supply news shock. The dependent variable is All-in-
spread-drawn (bps). Borrower, Lender-Year, SIC 2-digit industry-year, and Deal-Purpose fixed effects are included across
all specifications. Firm-level controls include log of total assets of the borrower in US dollars, leverage ratio, ratio of capital
expenditure to total assets, and the ratio of EBITDA to total assets. Loan-level controls include the maturity of the contract
(logarithmic), number of lenders in the syndicate (logarithmic), whether the contract is secured, whether the contract has
any covenants, and the loan amount (logarithmic). Standard errors are clustered at the borrower level, and are reported in

parentheses. The significance of coefficient estimates is indicated by *** for p < 0.001, ** for p < 0.01, * for p < 0.05.
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TABLE 13. Regression of AISD (bps) on Negative Technological Exposure and Oil Supply News

Shocks (EU)
All-In-Spread-Drawn (bps)
) ) ®) (4)
Tech. Sentiment;_; -1.35 -2.30 -3.67 -2.71
(6.16) (6.64) (5.58) (6.18)
Specialization;_; -33.68 -37.06 -38.26 -48.62
(35.64) (36.09) (34.53) (34.63)
Oil Supply News Shock;_; 7.00
(14.44)
Specialization;_; x Oil Supply News Shock;_; -92.81
(138.04)
Tech. Sentiment;_; x Oil Supply News Shock;_; -19.15
(20.20)
Tech. Sentiment;_; x Specialization;_; 26.60 31.50 8.70 43.88
(50.60)  (52.65) (47.96)  (52.46)
Tech. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_;  -73.98
(166.47)
Oil Supply News Shock;_» -20.22
(23.17)
Specialization;_; x Oil Supply News Shock;_» 258.13
(164.42)
Tech. Sentiment;_; x Oil Supply News Shock;_» -57.13
(30.89)
Tech. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_» -174.70
(197.86)
Oil Supply News Shock;_3 18.56
(21.74)
Specialization;_; x Oil Supply News Shock;_3 -196.41
(136.92)
Tech. Sentiment;_; x Oil Supply News Shock;_3 -55.89
(31.01)
Tech. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_3 519.20*
(210.73)
Oil Supply News Shock;_4 7.04
(11.35)
Specialization;_; x Oil Supply News Shock;_4 -201.94
(130.91)
Tech. Sentiment;_; x Oil Supply News Shock;_4 -3.30
(30.24)
Tech. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_4 181.74
(203.85)
Firm-level controls v v v v
Loan-level controls v v v v
R? 0.95 0.95 0.95 0.95
N 8,882 8,882 8,882 8,882
Borrower FE. v v v v
Lender-Year FE. v v v v
Industry-Year FE. v v v v
v v v v

Deal-Purpose EE.

Note: This table reports estimates from the regression specification given in equation 1 estimated syndicated loan-
level data for 2010-2022 for firms headquartered in the E.U. I estimate if firms with negative green technology-related
exposure face higher lending rates, whether banks specializing in the borrower’s industry charge higher rates relative to
non-specializing banks, and whether this effect is stronger 1 - 4 quarters after an oil supply news shock. The dependent
variable is All-in-spread-drawn (bps). Borrower, Lender-Year, SIC 2-digit industry-year, and Deal-Purpose fixed effects are
included across all specifications. Firm-level controls include log of total assets of the borrower in US dollars, leverage
ratio, ratio of capital expenditure to total assets, and the ratio of EBITDA to total assets. Loan-level controls include the
maturity of the contract (logarithmic), number of lenders in the syndicate (logarithmic), whether the contract is secured,
whether the contract has any covenants, and the loan amount (logarithmic). Standard errors are clustered at the borrower
level, and are reported in parentheses. The significance of coefficient estimates is indicated by *** for p < 0.001, ** for

p <0.01, * for p < 0.05.
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TABLE 14. Regression of AISD (bps) on Emission Intensity and Oil Supply News Shocks (US)

All-In-Spread-Drawn (bps)
(1) %) 3) )

Log (Scope 1 and 2 emission intensity);_; -1.72 -2.01 -2.29 -1.60
(3.10) (2.86) (294) (294
Specialization;_; -56.60  -36.03 -4430 -36.25
(40.36)  (40.26) (41.48) (40.38)
Oil Supply News Shock;_; 7.27
(14.04)
Specialization;_; x Oil Supply News Shock;_; 277.59*
(118.44)
Log (Scope 1 and 2 emission intensity);_; x Oil Supply News Shock;_; -2.95
(2.89)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; 16.63 11.25 14.09 11.67

(881)  (849) (8.50) (8.42)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Oil Supply News Shock;_;  -65.01*

(25.65)
Oil Supply News Shock;_» -1.83
(13.46)
Specialization;_; x Oil Supply News Shock;_ 64.79
(134.03)
Log (Scope 1 and 2 emission intensity);_; x Oil Supply News Shock;_» 2.00
(2.74)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Oil Supply News Shock;_» -19.11
(31.44)
Oil Supply News Shock;_3 15.93
(14.04)
Specialization;_; x Oil Supply News Shock;_3 -98.54
(99.01)
Log (Scope 1 and 2 emission intensity);_; x Oil Supply News Shock;_3 -4.34
(2.87)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Oil Supply News Shock;_3 -13.60
(21.74)
Oil Supply News Shock;_4 -16.54
(10.82)
Specialization;_; x Oil Supply News Shock;_4 -30.65
(97.44)
Log (Scope 1 and 2 emission intensity);_; x Oil Supply News Shock;_4 2.99
(2.49)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Oil Supply News Shock;_4 22.83
(23.01)
Firm-level controls v v v v
Loan-level controls v v v v
R? 0.80 0.80 0.80  0.80
N 36,031 36,031 36,031 36,031
Borrower EE. v v v v
Lender-Year EE. v v v v
Industry-Year FE. v v v v
Deal-Purpose FE. v v v v

Note: This table reports estimates from the regression specification given in equation 1 estimated syndicated loan-level
data for 2010-2022 for firms headquartered in the U.S. I estimate if firms with higher emission intensity face higher lending
rates, whether banks specializing in the borrower’s industry charge higher rates relative to non-specializing banks, and
whether this effect is stronger 1 - 4 quarters after an oil supply news shock. The dependent variable is All-in-spread-drawn
(bps). Borrower, Lender-Year, SIC 2-digit industry-year, and Deal-Purpose fixed effects are included across all specifica-
tions. Firm-level controls include log of total assets of the borrower in US dollars, leverage ratio, ratio of capital expenditure
to total assets, and the ratio of EBITDA to total assets. Loan-level controls include the maturity of the contract (logarithmic),
number of lenders in the syndicate (logarithmic), whether the contract is secured, whether the contract has any covenants,
and the loan amount (logarithmic). Standard errors are clustered at the borrower level, and are reported in parentheses.

The significance of coefficient estimates is indicated by *** for p < 0.001, ** for p < 0.01, * for p < 0.05.
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TABLE 15. Regression of AISD (bps) on Negative Regulatory Exposure and Oil Supply News Shocks
(US)

All-In-Spread-Drawn (bps)
1) 2) 3 (4)

Reg. Sentiment;_; 13.64** 14.08**  13.14**  13.27*"
(5.01) (4.97) (4.80) (4.87)
Specialization;_; -6.25 -4.77 -2.67 -4.89
(20.79)  (20.48) (20.87) (20.69)
Oil Supply News Shock;_; -9.08
(5.66)
Specialization;_; x Oil Supply News Shock;_; 109.16”
(55.24)
Reg. Sentiment;_; x Oil Supply News Shock;_; 13.61
(14.37)
Reg. Sentiment;_; x Specialization;_; -18.80 -17.77 -11.56 -20.00

(49.07) (47.09)  (47.56)  (46.83)
Reg. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_;  -32.11

(129.29)
Oil Supply News Shock;_» 3.31
(4.94)
Specialization;_; x Oil Supply News Shock;_» -68.78
(56.87)
Reg. Sentiment;_; x Oil Supply News Shock;_» -10.61
(11.45)
Reg. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_» 59.92
(165.86)
Oil Supply News Shock;_3 5.63
(5.59)
Specialization;_; x Oil Supply News Shock;_3 -184.32°**
(54.97)
Reg. Sentiment;_; x Oil Supply News Shock;_3 -29.00*
(13.57)
Reg. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_3 60.85
(136.19)
Oil Supply News Shock;_4 -2.38
(4.64)
Specialization;_; x Oil Supply News Shock;_4 75.78
(49.11)
Reg. Sentiment;_; x Oil Supply News Shock;_4 -14.61
(10.19)
Reg. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_4 -68.28
(156.65)
Firm-level controls v v v v
Loan-level controls v v v v
R? 0.76 0.76 076 0.76
N 49,407 49407 49,407 49,407
Borrower FE. v v v v
Lender-Year EE. v v v v
Industry-Year EE. v v v v
Deal-Purpose EE. v v v '

Note: This table reports estimates from the regression specification given in equation 1 estimated syndicated loan-level
data for 2010-2022 for firms headquartered in the E.U. I estimate if firms with negative climate regulatory exposure face
higher lending rates, whether banks specializing in the borrower’s industry charge higher rates relative to non-specializing
banks, and whether this effect is stronger 1 - 4 quarters after an oil supply news shock. The dependent variable is All-in-
spread-drawn (bps). Borrower, Lender-Year, SIC 2-digit industry-year, and Deal-Purpose fixed effects are included across
all specifications. Firm-level controls include log of total assets of the borrower in US dollars, leverage ratio, ratio of capital
expenditure to total assets, and the ratio of EBITDA to total assets. Loan-level controls include the maturity of the contract
(logarithmic), number of lenders in the syndicate (logarithmic), whether the contract is secured, whether the contract has
any covenants, and the loan amount (logarithmic). Standard errors are clustered at the borrower level, and are reported in

parentheses. The significance of coefficient estimates is indicated by *** for p < 0.001, ** for p < 0.01, * for p < 0.05.

45



TABLE 16. Regression of AISD (bps) on Negative Technological Exposure and Oil Supply News
Shocks (US)

All-In-Spread-Drawn (bps)
1) @) ®) 4)

Tech. Sentiment;_; -2.31 -2.29 -2.62 -2.27
(3.41) (3.38) (3.39) (3.38)
Specialization;_; 0.77 1.26 4.34 2.29
(21.67) (21.45) (21.92) (21.64)
Oil Supply News Shock;_; -7.54
(6.44)
Specialization;_; x Oil Supply News Shock;_; 98.32
(59.65)
Tech. Sentiment;_; x Oil Supply News Shock;_; 241
(10.42)
Tech. Sentiment;_; x Specialization;_; -48.47 -42.58 -43.73 -47 .47

(32.70)  (32.03) (33.75) (32.46)
Tech. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_; 1.77

(105.72)
Oil Supply News Shock;_» 6.55
(5.10)
Specialization;_; x Oil Supply News Shock;_2 -66.64
(59.87)
Tech. Sentiment;_; x Oil Supply News Shock;_» -20.39*
(9.24)
Tech. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_» 26.69
(120.74)
Oil Supply News Shock;_3 2.93
(6.10)
Specialization;_; x Oil Supply News Shock;_3 -173.23**
(60.36)
Tech. Sentiment;_; x Oil Supply News Shock;_3 -2.13
(10.22)
Tech. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_3 -10.75
(120.50)
Oil Supply News Shock;_4 -4.84
(4.85)
Specialization;_; x Oil Supply News Shock;_4 85.08
(51.15)
Tech. Sentiment;_; x Oil Supply News Shock;_4 5.50
(9.66)
Tech. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_4 -57.12
(119.31)
Firm-level controls v v v v
Loan-level controls v v v v
R? 0.76 0.76 0.76 0.76
N 49407 49,407 49,407 49,407
Borrower EE. v v v v
Lender-Year EE. v v v v
Industry-Year EE. v v v v
Deal-Purpose F.E. v v v v

Note: This table reports estimates from the regression specification given in equation 1 estimated syndicated loan-
level data for 2010-2022 for firms headquartered in the U.S. I estimate if firms with negative green technology-related
exposure face higher lending rates, whether banks specializing in the borrower’s industry charge higher rates relative to
non-specializing banks, and whether this effect is stronger 1 - 4 quarters after an oil supply news shock. The dependent
variable is All-in-spread-drawn (bps). Borrower, Lender-Year, SIC 2-digit industry-year, and Deal-Purpose fixed effects are
included across all specifications. Firm-level controls include log of total assets of the borrower in US dollars, leverage
ratio, ratio of capital expenditure to total assets, and the ratio of EBITDA to total assets. Loan-level controls include the
maturity of the contract (logarithmic), number of lenders in the syndicate (logarithmic), whether the contract is secured,
whether the contract has any covenants, and the loan amount (logarithmic). Standard errors are clustered at the borrower
level, and are reported in parentheses. The significance of coefficient estimates is indicated by *** for p < 0.001, ** for

p<0.01, * for p < 0.05.
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TABLE 17. Regression of AISD (bps) on Emission Intensity and Carbon Price Shocks (EU)

All-In-Spread-Drawn (bps)

1) 2 ®) (4)
Log (Scope 1 and 2 emission intensity);_; -2.27 2.23 -0.40 -3.33
(8.11) (6.26) (7.44) (8.60)

Specialization;_; 75.52 78.39 3.49 -8.02

(102.27)  (90.00) (73.07)  (66.57)
Carbon Price Shock;_1 81.32

(79.19)
Specialization;_; x Carbon Price Shock;_; -93.55

(227.38)
Log (Scope 1 and 2 emission intensity);_; x Carbon Price Shock;_; -37.11

(20.57)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; -27.93 -27.76 -15.42 -12.75

(22.66)  (19.80)  (1450) (14.55)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Carbon Price Shock;_;  42.31

(49.32)
Carbon Price Shock;_» -172.99**
(65.54)
Specialization;_; x Carbon Price Shock;_» 108.16
(230.93)
Log (Scope 1 and 2 emission intensity);_; x Carbon Price Shock;_» 33.31*
(16.54)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Carbon Price Shock;_» -47.08
(42.59)
Carbon Price Shock;_3 45.33
(46.32)
Specialization;_; x Carbon Price Shock;_3 248.65
(386.20)
Log (Scope 1 and 2 emission intensity);_; x Carbon Price Shock;_3 -2.97
(10.39)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Carbon Price Shock;_3 -118.59
(83.59)
Carbon Price Shock;_4 -73.19
(52.07)
Specialization;_; x Carbon Price Shock;_4 415.99
(285.26)
Log (Scope 1 and 2 emission intensity);_; x Carbon Price Shock;_4 13.17
(10.38)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Carbon Price Shock;_4 -71.62
(49.89)
Firm-level controls Ve v v v
Loan-level controls v v v v
R? 0.95 0.95 0.95 0.95
N 7,457 7,457 7,457 7,457
Borrower fixed effects v v v v
Lender-Year fixed effects v v v v
Industry-Year fixed effects v v v v
Deal-Purpose fixed effects v v v v

Note: This table reports estimates from the regression specification given in equation 1 estimated syndicated loan-level
data for 2010-2020 for firms headquartered in the E.U. I estimate if firms with higher emission intensity face higher lending
rates, whether banks specializing in the borrower’s industry charge higher rates relative to non-specializing banks, and
whether this effect is stronger 1 - 4 quarters after an oil supply news shock. The dependent variable is All-in-spread-drawn
(bps). Borrower, Lender-Year, and SIC 2-digit industry-year fixed effects are included across all specifications. Firm-level
controls include log of total assets of the borrower in US dollars, leverage ratio, ratio of capital expenditure to total assets,
and the ratio of EBITDA to total assets. Loan-level controls include the maturity of the contract, whether the contract is
secured, whether the contract has any covenants, and the log of the loan amount. Standard errors are clustered at the
borrower level, and are reported in parentheses. The significance of coefficient estimates is indicated by *** for p < 0.001,

** for p < 0.01, * for p < 0.05.
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TABLE 18. Regression of AISD (bps) on Negative Regulatory Exposure and Carbon Price Shocks (EU)

All-In-Spread-Drawn (bps)

@ 2 @) 4)
Reg. Sentiment;_; -2.59 -1.43 -2.24 -6.96
(5.85) (6.65) (6.79) (6.30)

Specialization;_; -49.83 -53.52 -61.39*  -64.82*

(30.95)  (29.17) (30.33) (31.04)
Carbon Price Shock;_1 -45.44

(26.55)
Specialization;_; x Carbon Price Shock;_; 74.93

(105.64)
Reg. Sentiment;_; x Carbon Price Shock;_; 40.53

(29.06)
Reg. Sentiment;_; x Specialization;_; 82.29 36.71 92.17 38.04

(80.56)  (68.37) (75.22) (63.36)
Reg. Sentiment;_; x Specialization;_; x Carbon Price Shock;_;  -74.27

(167.46)
Carbon Price Shock;_» -12.41
(26.72)
Specialization;_; x Carbon Price Shock;_» -50.93
(98.38)
Reg. Sentiment;_; x Carbon Price Shock;_» 1.17
(14.62)
Reg. Sentiment;_; x Specialization;_; x Carbon Price Shock;_» -18.15
(187.38)
Carbon Price Shock;_3 31.14
(17.22)
Specialization;_; x Carbon Price Shock;_3 -245.85**
(91.63)
Reg. Sentiment;_; x Carbon Price Shock;_3 -5.73
(17.87)
Reg. Sentiment;_; x Specialization;_; x Carbon Price Shock;_3 14.75
(223.61)
Carbon Price Shock;_4 -5.41
(28.87)
Specialization;_; x Carbon Price Shock;_4 177.45
(99.98)
Reg. Sentiment;_; x Carbon Price Shock;_4 55.34%
(25.70)
Reg. Sentiment;_; x Specialization;_; x Carbon Price Shock;_4 -389.33
(235.33)
Firm-level controls v v v v
Loan-level controls v v v v
R? 0.95 0.95 0.95 0.95
N 8,081 8,081 8,081 8,081
Borrower FE. v v v v
Lender-Year FE. v v v v
Industry-Year FE. v v v v
Deal-Purpose EE. v v v v

Note: This table reports estimates from the regression specification given in equation 1 estimated syndicated loan-level
data for 2010-2020 for firms headquartered in the E.U. I estimate if firms with negative climate regulatory exposure face
higher lending rates, whether banks specializing in the borrower’s industry charge higher rates relative to non-specializing
banks, and whether this effect is stronger 1 - 4 quarters after a carbon price shock. The dependent variable is All-in-
spread-drawn (bps). Borrower, Lender-Year, SIC 2-digit industry-year, and Deal-Purpose fixed effects are included across
all specifications. Firm-level controls include log of total assets of the borrower in US dollars, leverage ratio, ratio of capital
expenditure to total assets, and the ratio of EBITDA to total assets. Loan-level controls include the maturity of the contract
(logarithmic), number of lenders in the syndicate (logarithmic), whether the contract is secured, whether the contract has
any covenants, and the loan amount (logarithmic). Standard errors are clustered at the borrower level, and are reported in

parentheses. The significance of coefficient estimates is indicated by *** for p < 0.001, ** for p < 0.01, * for p < 0.05.
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TABLE 19. Regression of AISD (bps) on Negative Technological Exposure and Carbon Price Shocks
(EU)

All-In-Spread-Drawn (bps)
M @) ®) 4)

Tech. Sentiment;_; 7.65 3.78 6.06 4.93
(6.58) (5.01) (5.29) (5.88)
Specialization;_; -58.99 -59.99  -81.35*  -74.95*
(36.20) (34.83) (38.45)  (36.29)
Carbon Price Shock;_1 -41.32
(26.88)
Specialization;_; x Carbon Price Shock;_; 114.82
(120.53)
Tech. Sentiment;_; x Carbon Price Shock;_1 -77.80*
(32.03)
Tech. Sentiment;_; x Specialization;_; 51.28 38.08 79.24 80.20

(48.88) (47.79)  (54.55)  (45.58)
Tech. Sentiment;_; x Specialization;_; x Carbon Price Shock;_;  -96.78

(130.25)
Carbon Price Shock;_» -17.13
(26.27)
Specialization;_; x Carbon Price Shock;_» -109.85
(130.77)
Tech. Sentiment;_; x Carbon Price Shock;_» 26.15
(28.12)
Tech. Sentiment;_; x Specialization;_; x Carbon Price Shock;_» 156.82
(144.14)
Carbon Price Shock;_3 37.71%
(16.13)
Specialization;_; x Carbon Price Shock;_3 -230.99%
(109.41)
Tech. Sentiment;_; x Carbon Price Shock;_3 -45.75
(30.13)
Tech. Sentiment;_; x Specialization;_; x Carbon Price Shock;_3 -64.28
(200.56)
Carbon Price Shock;_4 -0.15
(35.56)
Specialization;_; x Carbon Price Shock;_4 216.40
(123.39)
Tech. Sentiment;_; x Carbon Price Shock;_4 -16.35
(34.65)
Tech. Sentiment;_; x Specialization;_; x Carbon Price Shock;_4 -283.31
(145.02)
Firm-level controls v N v v
Loan-level controls v v v v
R? 0.95 0.95 0.95 0.95
N 8,081 8,081 8,081 8,081
Borrower FE. e e v v
Lender-Year EE. v v v v
Industry-Year EE. v v v v
Deal-Purpose EE. v v v v

Note: This table reports estimates from the regression specification given in equation 1 estimated syndicated loan-
level data for 2010-2020 for firms headquartered in the E.U. I estimate if firms with negative green technology-related
exposure face higher lending rates, whether banks specializing in the borrower’s industry charge higher rates relative
to non-specializing banks, and whether this effect is stronger 1 - 4 quarters after a carbon price shock. The dependent
variable is All-in-spread-drawn (bps). Borrower, Lender-Year, SIC 2-digit industry-year, and Deal-Purpose fixed effects are
included across all specifications. Firm-level controls include log of total assets of the borrower in US dollars, leverage
ratio, ratio of capital expenditure to total assets, and the ratio of EBITDA to total assets. Loan-level controls include the
maturity of the contract (logarithmic), number of lenders in the syndicate (logarithmic), whether the contract is secured,
whether the contract has any covenants, and the loan amount (logarithmic). Standard errors are clustered at the borrower
level, and are reported in parentheses. The significance of coefficient estimates is indicated by *** for p < 0.001, ** for

p <0.01, * for p < 0.05.
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Pricing Transition Risk after Financial Stress Post Oil Supply Shock

This section reports estimates from the regression specification given in equation 2 estimated syndi-
cated loan-level data for 2010-2022 for firms headquartered in the E.U. and firms headquartered in
the U.S. I estimate if firms with higher emission intensity, negative exposure to climate regulations,
or negative exposure to green technologies face higher lending rates by banks specializing in the
borrower’s industry relative to non-specializing banks, and whether this effect changes 1 - 4 quar-
ters after an oil supply news shock after a period of high financial stress. The dependent variable
is All-in-spread-drawn (bps). Borrower, Lender-Year, SIC 2-digit industry-year, and Deal-Purpose
fixed effects are included across all specifications. Firm-level controls include log of total assets of
the borrower in US dollars, leverage ratio, ratio of capital expenditure to total assets, and the ratio of
EBITDA to total assets. Loan-level controls include the maturity of the contract (logarithmic), num-
ber of lenders in the syndicate (logarithmic), whether the contract is secured, whether the contract
has any covenants, and the loan amount (logarithmic). Standard errors are clustered at the borrower
level, and are reported in parentheses. The significance of coefficient estimates is indicated by *** for
p < 0.001, ** for p < 0.01, * for p < 0.05.
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TABLE 20. Regression of AISD (bps) on Emission Intensity and Oil Supply News Shocks after periods

of financial stress (EU)

All-In-Spread-Drawn (bps)

1) @ () 4)
Log (Scope 1 and 2 emission intensity);_; -7.27 -5.06 -1.60 -5.10
(6.98) (7.28) (7.00) (6.81)
Specialization;_; 135.95 68.19 112.72 38.60
(127.35)  (159.77)  (132.98)  (124.23)
Financial Stress;_; -51.17 -54.13 -5.25 38.02
(9393)  (11476)  (9457)  (91.01)
Oil Supply News Shock;_1 -19.87
(56.45)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; -39.60 -28.26 -37.67 -24.99
(28.62) (36.16) (30.31) (29.53)
Specialization;_; x Financial Stress;_; -444.01 400.06 -169.13 349.67
(746.65)  (1,054.79) (787.89)  (792.06)
Log (Scope 1 and 2 emission intensity);_; x Financial Stress;_; 13.73 8.12 0.27 -1.76
(1835  (17.77)  (17.05)  (16.14)
Log (Scope 1 and 2 emission intensity);_; x Oil Supply News Shock;_; 4.65
(10.00)
Specialization;_; x Oil Supply News Shock;_1 291.64
(404.51)
Financial Stress;_; x Oil Supply News Shock;_; 295.72
(203.83)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Financial Stress;_; 130.78 3.09 129.31 20.54
(148.65)  (210.64)  (153.07)  (160.24)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Oil Supply News Shock;_; -85.40
(76.63)
Specialization;_; x Financial Stress;_; x Oil Supply News Shock;_; -2,852.66
(1,993.03)
Log (Scope 1 and 2 emission intensity);_; x Financial Stress;_; x Oil Supply News Shock;_; -81.89
(46.12)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Financial Stress;_; x Oil Supply News Shock;_; 515.11
(374.55)
Oil Supply News Shock;_» -132.25
(90.22)
Log (Scope 1 and 2 emission intensity);_; x Oil Supply News Shock;_» 23.35
(16.79)
Specialization;_; x Oil Supply News Shock;_» 723.20
(637.26)
Financial Stress;_; x Oil Supply News Shock;_» 330.17
(274.12)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Oil Supply News Shock;_» -138.22
(121.15)
Specialization;_; x Financial Stress;_; x Oil Supply News Shock;_» -2,298.46
(4,706.80)
Log (Scope 1 and 2 emission intensity);_; x Financial Stress;_j x Oil Supply News Shock;_» -86.21
(77.65)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Financial Stress;_; x Oil Supply News Shock;_» 544.97
(1,170.80)
Oil Supply News Shock;_3 160.56
(115.69)
Log (Scope 1 and 2 emission intensity);_; x Oil Supply News Shock;_3 -36.07
(24.54)
Specialization;_; x Oil Supply News Shock;_3 -177.19
(427.53)
Financial Stress;_; x Oil Supply News Shock;_3 -416.78
(367.80)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Oil Supply News Shock;_3 6.65
(84.41)
Specialization;_; x Financial Stress;_; x Oil Supply News Shock;_3 457.31
(2,568.36)
Log (Scope 1 and 2 emission intensity);_; x Financial Stress;_; x Oil Supply News Shock;_3 110.91
(82.35)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Financial Stress;_; x Oil Supply News Shock;_3 120.66
(492.15)
Oil Supply News Shock;_4 -11.19
(33.08)
Log (Scope 1 and 2 emission intensity);_; x Oil Supply News Shock;_4 1.77
(7.49)
Specialization;_; x Oil Supply News Shock;_4 -468.50
(385.16)
Financial Stress;_; x Oil Supply News Shock;_4 -450.48
(286.24)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Oil Supply News Shock;_4 56.08
(86.11)
Specialization;_; x Financial Stress;_; x Oil Supply News Shock;_4 2,354.10
(3,665.91)
Log (Scope 1 and 2 emission intensity);_; x Financial Stress;_; x Oil Supply News Shock;_4 110.12
(76.60)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Financial Stress;_; x Oil Supply News Shock;_4 -452.77
(804.89)
Firm-level controls v v v v
Loan-level controls v v v v
R? 0.95 0.95 0.95 0.95
N 7,684 7,684 7,684 7,684
Borrower EE. v v v v
Lender-Year FE. v v v v
Industry-Year EE. v v v v
Deal-Purpose EE. v v v v
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TABLE 21. Regression of AISD (bps) on Negative Regulatory Exposure and Oil Supply News Shocks
after periods of financial stress (EU)

All-In-Spread-Drawn (bps)

1) () (©) 4)
Reg. Sentiment;_; -37.15* -40.97** -35.62* -39.18*
(16.37) (15.45) (14.47) (15.81)
Specialization;_; -26.81 -19.93 -24.16 -40.53
(4343)  (45.64)  (37.50)  (39.60)
Financial Stress;_; 19.81 1.42 16.01 8.21
(46.54)  (45.62)  (45.60)  (42.59)
Qil Supply News Shock;_; 1.87
(21.72)
Reg. Sentiment;_j x Specialization;_; 76.18 213.40 163.94 161.00
(138.31)  (145.72)  (131.67)  (121.53)
Specialization;_j x Financial Stress;_; 114.50 50.09 110.02 167.15
(299.24)  (339.55)  (310.85)  (265.05)
Reg. Sentiment;_; x Financial Stress;_; 198.45 272.90** 188.57* 229.65*
(106.53)  (104.14) (88.08) (108.29)
Reg. Sentiment;_; x Oil Supply News Shock;_; -1.09
(24.17)
Specialization;_; x Oil Supply News Shock;_; -59.55
(174.31)
Financial Stress;_; x Oil Supply News Shock;_; -25.95
(98.20)
Reg. Sentiment;_; x Specialization;_; x Financial Stress;_; -378.24  -1,42198 -1,064.00 -854.67
(1,536.11) (1,304.96) (1,167.94) (1,050.05)
Reg. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_; 455.68
(386.09)
Specialization;_; x Financial Stress;_; x Oil Supply News Shock;_; -577.69
(1,105.30)
Reg. Sentiment;_; x Financial Stress;_; x Oil Supply News Shock;_; -87.12
(131.82)
Reg. Sentiment;_; x Specialization;_; x Financial Stress;_; x Oil Supply News Shock;_;  -408.62
(1,946.63)
Qil Supply News Shock;_» -25.95
(28.51)
Reg. Sentiment;_; x Oil Supply News Shock;_» 14.14
(27.64)
Specialization;_; x Oil Supply News Shock;_» 36.23
(247.03)
Financial Stress;_; x Oil Supply News Shock;_» 37.56
(119.53)
Reg. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_» -266.42
(400.87)
Specialization;_; x Financial Stress;_; x Oil Supply News Shock;_» 828.10
(2,058.77)
Reg. Sentiment;_; x Financial Stress;_; x Oil Supply News Shock;_» -347.32
(220.02)
Reg. Sentiment;_; x Specialization;_; x Financial Stress;_; x Oil Supply News Shock;_» 7,024.42
(5,789.65)
Oil Supply News Shock;_3 18.62
(26.75)
Reg. Sentiment;_; x Oil Supply News Shock;_3 -73.27*
(33.81)
Specialization;_; x Oil Supply News Shock;_3 27222
(201.28)
Financial Stress;_j x Oil Supply News Shock;_3 -12.63
(125.58)
Reg. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_3 286.03
(298.62)
Specialization;_; x Financial Stress;_; x Oil Supply News Shock;_3 776.82
(1,583.02)
Reg. Sentiment;_; x Financial Stress;_; x Oil Supply News Shock;_3 345.86
(190.26)
Reg. Sentiment;_; x Specialization;_; x Financial Stress;_; x Oil Supply News Shock;_3 -840.10
(2,292.00)
Oil Supply News Shock;_4 9.66
(12.36)
Reg. Sentiment;_; x Oil Supply News Shock;_4 -35.83
(32.26)
Specialization;_; x Oil Supply News Shock;_4 -296.24
(220.57)
Financial Stress;_; x Oil Supply News Shock;_4 -76.83
(157.78)
Reg. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_4 554.41
(424.42)
Specialization;_j x Financial Stress;_; x Oil Supply News Shock;_4 1,614.27
(2,055.74)
Reg. Sentiment;_; x Financial Stress;_; x Oil Supply News Shock;_4 259.24
(286.08)
Reg. Sentiment;_; x Specialization;_; x Financial Stress;_; x Oil Supply News Shock;_4 -4,844.23
(3,799.56)
Firm-level controls v v v v
Loan-level controls v v v v
R? 0.95 0.95 0.95 0.95
N 8,270 8,270 8,270 8,270
Borrower EE. v v v v
Lender-Year EE. v v v v
Industry-Year FE. v v v v
Deal-Purpose EE. v ' v v
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TABLE 22. Regression of AISD (bps) on Negative Technological Exposure and Oil Supply News
Shocks after periods of financial stress (EU)

All-In-Spread-Drawn (bps)

1) 2 ©) 4)
Tech. Sentiment;_; 0.41 -5.68 -7.28 0.38
(9.50) (9.41) (10.55) (9.53)
Specialization;_; -23.03 13.44 16.16 -48.99
(52.86) (53.40) (54.13) (51.04)
Financial Stress;_; 47.61 6.95 27.76 47.98
(49.74)  (52.06)  (49.51)  (49.56)
Oil Supply News Shock;_; 3.92
(21.68)
Tech. Sentiment;_; x Specialization;_; 38.31 13.57 -12.38 66.49
(68.25) (71.21) (75.54) (70.80)
Specialization;_j x Financial Stress;_; 20.49 -370.48 -531.16 164.72
(472.64)  (475.65)  (626.80)  (480.62)
Tech. Sentiment;_; x Financial Stress;_ -45.33 23.31 -15.04 -45.63
(83.03)  (7128)  (85.20)  (70.84)
Tech. Sentiment;_; x Oil Supply News Shock;_; -24.02
(38.57)
Specialization;_; x Oil Supply News Shock;_; 5271
(171.75)
Financial Stress;_; x Oil Supply News Shock;_1 22.18
(136.49)
Tech. Sentiment;_; x Specialization;_; x Financial Stress;_; 79.08 216.89 745.13 -72.78
(534.44)  (561.41)  (693.78)  (580.56)
Tech. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_; -296.80
(257.51)
Specialization;_; x Financial Stress;_1 x Oil Supply News Shock;_; -1,323.69
(1,361.13)
Tech. Sentiment;_; x Financial Stress;_; x Oil Supply News Shock;_; -51.77
(189.28)
Tech. Sentiment;_; x Specialization;_; x Financial Stress;_; x Oil Supply News Shock;_;  2,252.71
(1,739.14)
Oil Supply News Shock;_» -42.13
(28.53)
Tech. Sentiment;_; x Oil Supply News Shock;_» -23.97
(43.43)
Specialization;_; x Oil Supply News Shock;_» -210.40
(247.69)
Financial Stress;_; x Oil Supply News Shock;_» 265.99
(166.59)
Tech. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_» -343.04
(279.03)
Specialization;_j x Financial Stress;_; x Oil Supply News Shock;_» 5,096.03
(2,671.01)
Tech. Sentiment;_; x Financial Stress;_; x Oil Supply News Shock;_» -357.01
(202.11)
Tech. Sentiment;_; x Specialization;_; x Financial Stress;_; x Oil Supply News Shock;_» -820.73
(2,942.24)
Qil Supply News Shock;_3 28.47
(29.85)
Tech. Sentiment;_; x Oil Supply News Shock;_3 -102.78
(60.54)
Specialization;_; x Oil Supply News Shock;_3 143.59
(263.69)
Financial Stress;_; x Oil Supply News Shock;_3 -24.89
(219.90)
Tech. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_3 -251.70
(458.11)
Specialization;_j x Financial Stress;_; x Oil Supply News Shock;_3 -4,465.11
(2,713.03)
Tech. Sentiment;_; x Financial Stress;_; x Oil Supply News Shock;_3 291.77
(305.43)
Tech. Sentiment;_; x Specialization;_; x Financial Stress;_; x Oil Supply News Shock;_3 5,226.82
(3,208.79)
Qil Supply News Shock;_4 1.03
(11.88)
Tech. Sentiment;_; x Oil Supply News Shock;_4 9.89
(30.17)
Specialization;_1 x Oil Supply News Shock;_4 -486.10*
(225.74)
Financial Stress;_; x Oil Supply News Shock;_4 -13.33
(129.41)
Tech. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_4 782.61*
(359.62)
Specialization;_; x Financial Stress;_1 x Oil Supply News Shock;_4 3,664.51
(2,391.81)
Tech. Sentiment;_; x Financial Stress;_; x Oil Supply News Shock;_4 -9.81
(262.96)
Tech. Sentiment;_; x Specialization;_; x Financial Stress;_; x Oil Supply News Shock;_4 -5,767.87
(3,539.04)
Firm-level controls v v v v
Loan-level controls v v v v
R? 0.95 0.95 0.95 0.95
N 8,270 8,270 8,270 8,270
Borrower EE. v v v v
Lender-Year EE. v v v v
Industry-Year FE. v ' v v
Deal-Purpose EE. v v v v
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TABLE 23. Regression of AISD (bps) on Emission Intensity and Oil Supply News Shocks after periods
of financial stress (US)

All-In-Spread-Drawn (bps)
(1) ) 3) @)

Log (Scope 1 and 2 emission intensity);_; -4.21 -3.77 -4.83 -3.35
(342) (291) (313)  (3.16)
Specialization;_; -26.81 -3590  -16.73  -31.46
(52.94) (46.49) (56.76)  (50.56)
Fin. Stress;_; 11.04* 10.50 12.44* 10.26
(5.45) (5.54) (5.31) (5.92)
Qil Supply News Shock;_1 5.04
(14.81)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; 15.13 15.46 9.94 1445
(9.90) (9.26) (1036)  (9.82)
Specialization;_; x Fin. Stress;_; 35.65 -0.20 45.39 7.93
(4341) (38.61) (4654) (42.29)
Log (Scope 1 and 2 emission intensity);_; x Fin. Stress;_; -3.57* -2.85 -3.53* -2.88
(153)  (149)  (148)  (1.68)
Log (Scope 1 and 2 emission intensity);_; x Oil Supply News Shock;_; -4.74
(3.32)
Specialization;_; x Oil Supply News Shock;_1 348.69*
(152.86)
Fin. Stress;_; x Oil Supply News Shock;_; -22.55
(14.77)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Fin. Stress;_; -2.04 6.45 -5.98 3.86
(8.75) (8.89) (10.81)  (8.58)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Oil Supply News Shock;_; -64.07
(33.04)
Specialization;_; x Fin. Stress;_; x Oil Supply News Shock;_; 112.86
(147.69)
Log (Scope 1 and 2 emission intensity);_; x Fin. Stress;_; x Oil Supply News Shock;_1 -0.05
(3.60)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Fin. Stress;_; x Oil Supply News Shock;_; 9.27
(34.13)
Oil Supply News Shock;_» 2294
(21.38)
Log (Scope 1 and 2 emission intensity);_; x Oil Supply News Shock;_» -5.04
(5.04)
Specialization;_; x Oil Supply News Shock;_» -5.47
(153.99)
Fin. Stress;_; x Oil Supply News Shock;_» 35.95
(23.05)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Oil Supply News Shock;_» -6.17
(37.23)
Specialization;_; x Fin. Stress;_; x Oil Supply News Shock;_» -7.21
(128.59)
Log (Scope 1 and 2 emission intensity);_; x Fin. Stress;_; x Oil Supply News Shock;_o -10.37*
(5.19)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Fin. Stress;_; x Oil Supply News Shock;_» -17.62
(29.95)
Oil Supply News Shock;_3 4.69
(15.28)
Log (Scope 1 and 2 emission intensity);_; x Oil Supply News Shock;_3 0.67
(3.34)
Specialization;_; x Oil Supply News Shock;_3 -205.30
(154.68)
Fin. Stress;_; x Oil Supply News Shock;_3 -27.50
(15.10)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Oil Supply News Shock;_3 7.94
(33.53)
Specialization;_; x Fin. Stress;_; x Oil Supply News Shock;_3 -74.64
(134.42)
Log (Scope 1 and 2 emission intensity);_; x Fin. Stress;_; x Oil Supply News Shock;_3 10.83**
(3.58)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Fin. Stress;_; x Oil Supply News Shock;_3 20.84
(32.33)
Oil Supply News Shock;_4 0.85
(18.00)
Log (Scope 1 and 2 emission intensity);_; x Oil Supply News Shock;_4 -1.38
(4.22)
Specialization;_; x Oil Supply News Shock;_4 -102.18
(137.58)
Fin. Stress;_; x Oil Supply News Shock;_4 32.69
(19.00)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Oil Supply News Shock;_4 33.71
(31.97)
Specialization;_; x Fin. Stress;_; x Oil Supply News Shock;_4 -101.04
(160.50)
Log (Scope 1 and 2 emission intensity);_; x Fin. Stress;_; x Oil Supply News Shock;_4 -8.67
(4.48)
Log (Scope 1 and 2 emission intensity);_; x Specialization;_; x Fin. Stress;_; x Oil Supply News Shock;_4 17.04
(39.09)
Firm-level controls v v v v
Loan-level controls v v v v
R? 0.80 0.80 0.80 0.80
N 35869 35869 35869 35,869
Borrower EE. v v v v
Lender-Year FE. v v v v
Industry-Year EE. v v v v
Deal-Purpose EE. v v v v
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TABLE 24. Regression of AISD (bps) on Negative Regulatory Exposure and Oil Supply News Shocks
after periods of financial stress (US)

All-In-Spread-Drawn (bps)

1) (2) [©) 4)
Reg. Sentiment;_; 13.07* 13.49* 12.11* 14.42**
(5.36) (5.67) (5.05) (5.29)
Specialization;_; 19.45 -2.99 18.39 -7.02
(28.86) (23.82)  (29.51) (25.09)
Fin. Stress;_1 -5.37* -2.72 -4.46 -2.94
270)  (2.67) 2.71) (2.63)
Oil Supply News Shock;_; -19.46*
(6.01)
Reg. Sentiment;_; x Specialization;_; -32.34 -30.64 -31.62 -71.58
(60.69)  (47.77) (56.05) (59.08)
Specialization;_; x Fin. Stress;_ 33.21 8.11 32.86 1.51
(2423)  (1937)  (26.38) (21.28)
Reg. Sentiment;_; x Fin. Stress;_; -2.55 -2.06 -4.02 -2.04
(3.75) (4.50) (3.70) (3.76)
Reg. Sentiment;_; x Oil Supply News Shock;_; 14.33
(15.22)
Specialization;_; x Oil Supply News Shock;_1 203.74**
(71.72)
Fin. Stress;_; x Oil Supply News Shock;_; -19.64**
(6.25)
Reg. Sentiment;_; x Specialization;_; x Fin. Stress;_; -12.17 -21.58 -3.32 -35.40
(4807)  (36.71)  (59.92) (47.35)
Reg. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_y -43.54
(162.06)
Specialization;_; x Fin. Stress;_; x Oil Supply News Shock;_; 163.08
(83.66)
Reg. Sentiment;_; x Fin. Stress;_j x Oil Supply News Shock;_; -10.07
(11.46)
Reg. Sentiment;_; x Specialization;_; x Fin. Stress;_j x Oil Supply News Shock;_; 29.28
(180.23)
Oil Supply News Shock;_» -1.51
(6.93)
Reg. Sentiment;_; x Oil Supply News Shock;_» -28.64
(18.22)
Specialization;_; x Oil Supply News Shock;_» -74.81
(59.62)
Fin. Stress;_; x Oil Supply News Shock;_» -6.29
(8.27)
Reg. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_» 197.37
(209.57)
Specialization;_; x Fin. Stress;_; x Oil Supply News Shock;_» -27.89
(62.51)
Reg. Sentiment;_; x Fin. Stress;_j x Oil Supply News Shock;_» -24.58
(18.83)
Reg. Sentiment;_; x Specialization;_; x Fin. Stress;_; x Oil Supply News Shock;_2 200.57
(156.56)
Qil Supply News Shock;_3 15.72*
(6.86)
Reg. Sentiment;_; x Oil Supply News Shock;_3 -24.65
(14.85)
Specialization;_; x Oil Supply News Shock;_3 -256.70***
(77.27)
Fin. Stress;_; x Oil Supply News Shock;_3 13.79*
(6.06)
Reg. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_3 61.52
(165.45)
Specialization;_; x Fin. Stress;_; x Oil Supply News Shock;_3 -107.32
(76.00)
Reg. Sentiment;_; x Fin. Stress;_j x Oil Supply News Shock;_3 2043
(12.96)
Reg. Sentiment;_; x Specialization;_; x Fin. Stress;_j x Oil Supply News Shock;_3 -106.77
(171.51)
Oil Supply News Shock;_4 -0.60
(6.70)
Reg. Sentiment;_; x Oil Supply News Shock;_4 -45.06""
(14.81)
Specialization;_; x Oil Supply News Shock;_4 77.54
(65.00)
Fin. Stress;_; x Oil Supply News Shock;_4 1.37
(6.97)
Reg. Sentiment;_; x Specialization;_j x Oil Supply News Shock;_4 239.15
(200.89)
Specialization;_; x Fin. Stress;_; x Oil Supply News Shock;_4 391
(67.85)
Reg. Sentiment;_; x Fin. Stress;_; x Oil Supply News Shock;_4 -50.67***
(14.30)
Reg. Sentiment;_; x Specialization;_; x Fin. Stress;_j x Oil Supply News Shock;_4 564.71**
(214.11)
Firm-level controls v v v v
Loan-level controls v v v v
R? 0.76 0.76 0.76 0.76
N 49,024 49,024 49,024 49,024
Borrower FE. v v v v
Lender-Year FE. v v v v
Industry-Year EE. v v ' v
Deal-Purpose FE. v v v v
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TABLE 25. Regression of AISD (bps) on Negative Technological Exposure and Oil Supply News
Shocks after periods of financial stress (US)

All-In-Spread-Drawn (bps)
(1) 3] 3) 4)

Tech. Sentiment;_; -4.04 -4.36 -5.79 -4.17
(4.12) (3.84) (4.10) (3.90)
Specialization;_; 2247 0.90 15.08 -5.49
(30.04) (24.83) (31.48)  (26.35)
Fin. Stress;_; -4.71 -2.07 -3.29 -2.07
(284  (273)  (2.88)  (2.67)
Oil Supply News Shock;_1 -16.35*
(6.59)
Tech. Sentiment;_; x Specialization;_; -33.39 -44.38 -10.85 -26.15
(40.48)  (35.35)  (44.82)  (37.69)
Specialization;_; x Fin. Stress;_; 29.40 3.94 21.89 -5.67
(25.28)  (19.44) (27.74)  (22.36)
Tech. Sentiment;_; x Fin. Stress;_; -3.14 -3.35 -4.85 -4.51
(3.40) (3.28) (3.33) (3.38)
Tech. Sentiment;_; x Oil Supply News Shock;_; -0.91
(11.51)
Specialization;_; x Oil Supply News Shock;_; 180.99*
(75.91)
Fin. Stress;_; x Oil Supply News Shock;_; -18.07*
(7.30)
Tech. Sentiment;_; x Specialization;_j x Fin. Stress;_; 11.39 -3.79 42.72 24.16
(36.69)  (30.41)  (46.17)  (33.47)
Tech. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_; 37.57
(146.11)
Specialization;_; x Fin. Stress;_; x Oil Supply News Shock;_; 142.62
(82.64)
Tech. Sentiment;_; x Fin. Stress;_; x Oil Supply News Shock;_; -3.22
(10.16)
Tech. Sentiment;_; x Specialization;_j x Fin. Stress;_; x Oil Supply News Shock;_;  108.05
(150.09)
Qil Supply News Shock;_» -0.30
(7.53)
Tech. Sentiment;_; x Oil Supply News Shock;_» -15.74
(12.54)
Specialization;_; x Oil Supply News Shock;_» -85.96
(65.26)
Fin. Stress;_; x Oil Supply News Shock;_» -9.76
(9.00)
Tech. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_» 107.98
(130.53)
Specialization;_; x Fin. Stress;_; x Oil Supply News Shock;_» -53.64
(66.64)
Tech. Sentiment;_; x Fin. Stress;_; x Oil Supply News Shock;_» 3.72
(12.39)
Tech. Sentiment;_; x Specialization;_; x Fin. Stress;_; x Oil Supply News Shock;_» 249.65
(145.18)
Oil Supply News Shock;_3 9.84
(7.56)
Tech. Sentiment;_; x Oil Supply News Shock;_3 8.00
(12.41)
Specialization;_; x Oil Supply News Shock;_3 -209.69*
(82.45)
Fin. Stress;_; x Oil Supply News Shock;_3 9.30
(6.52)
Tech. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_3 -145.92
(159.78)
Specialization;_; x Fin. Stress;_; x Oil Supply News Shock;_3 -54.45
(77.24)
Tech. Sentiment;_; x Fin. Stress;_; x Oil Supply News Shock;_3 21.05
(10.82)
Tech. Sentiment;_; x Specialization;_; x Fin. Stress;_; x Oil Supply News Shock;_3 -300.45
(158.97)
Qil Supply News Shock;_4 -2.96
(7.02)
Tech. Sentiment;_; x Oil Supply News Shock;_4 -6.24
(12.80)
Specialization;_; x Oil Supply News Shock;_4 123.09
(69.05)
Fin. Stress;_; x Oil Supply News Shock;_4 1.74
(7.38)
Tech. Sentiment;_; x Specialization;_; x Oil Supply News Shock;_4 -140.10
(156.12)
Specialization;_j x Fin. Stress;_; x Oil Supply News Shock;_4 63.67
(75.28)
Tech. Sentiment;_; x Fin. Stress;_; x Oil Supply News Shock;_4 -18.17
(12.42)
Tech. Sentiment;_; x Specialization;_; x Fin. Stress;_; x Oil Supply News Shock;_4 -163.84
(162.22)
Firm-level controls v v v v
Loan-level controls v v v v
R? 0.76 0.76 0.76 0.76
N 49,024 49,024 49,024 49,024
Borrower EE. v v v v
Lender-Year FE. v v v v
Industry-Year EE. v v v v
Deal-Purpose EE. v v v v
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Appendix A. Sample Composition

TABLE Al. Observations by year, country, and major industry group

Year N Country N Industry N
2010 8996 | Argentina 1 Aerospace and Defense 1473
2011 9809 | Australia 1964 | Agriculture 410
2012 8708 | Austria 71 Automotive 3678
2013 8839 | Belgium 213 Beverage, Food, and Tobacco Processing 3580
2014 10938 | Bermuda 934 Broadcasting 2042
2015 7678 | Brazil 266 Business Services 3024
2016 6331 | Canada 2191 | Chemicals, Plastics & Rubber 3220
2017 5861 | Cayman Islands 183 Construction 2333
2018 6419 | Chile 29 General Manufacturing 9039
2019 4188 | China 337 Healthcare 6810
2020 2144 | Colombia 33 Hotel & Gaming 1437
2021 2674 | Czech Republic 19 Leisure and Entertainment 1750
2022 1847 | Denmark 99 Media 1733

Finland 103 Mining 3025

France 1231 | Oil and Gas 8255

Germany 2215 | Paper & Packaging 1478

Gibraltar 4 Real Estate 59

Greece 101 Restaurants 811

Hong Kong 159 Retail & Supermarkets 3451

Hungary 82 Services 2211

Iceland 10 Shipping 1036

India 137 Technology 7273

Ireland 910 Telecommunications 3100

Israel 232 Textiles and Apparel 1372

Italy 566 Transportation 2443

Japan 245 Utilities 6291

Kazakhstan 34 Wholesale 3098

Luxembourg 622

Macao 138

Malaysia 3

Mauritius 30

Mexico 316

Monaco 75

Netherlands 982

New Zealand 57

Nigeria 53

Norway 215

Pakistan 4

Panama 5

Papua New Guinea 17

Peru 1

Philippines 15

Poland 49

Portugal 74

Qatar 14

Romania 20

Russian Federation 449

Singapore 308

South Africa 240

South Korea 17

Spain 1683

Sweden 221

Switzerland 1650

Taiwan 680

Thailand 13

Turkey 80

Ukraine 17

United Arab Emirates 35

United Kingdom 4150

United States 59821

Virgin Islands (British) 9
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Appendix B. Proposition 2: Proof

For borrowers who received a low signal from private screening conducted by the S-bank in the first period:

(p(hhp)i, - 1)]
(p(hhp)r—1)
(p(hlp)T, - 1)}
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For borrowers who received a high signal from private screening conducted by the S-bank in the first period:

Fo (1) =1- [(1 = p(lhp)r)(p(hhp)Ty, - 1)] [ Pr(n=Inp = hyp) ]
iy (p(hhp)r - 1) Pr(n = hnp = hp)
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Substituting Pr(n = [np = hp) and Pr(n = hinp = hp) as ‘¢’ and 'd’ respectively (for the compactness of expressions) and

Substituting Pr(n = Inp = Ip) and Pr(n = hnp = Ip) as ‘a’ and 'b’ respectively (for the compactness of expressions), we get
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Appendix C. Evidence of updates in beliefs about short-term and long-term risks from

climate change

C.1. Data

To understand if there is any under-reaction due to prior-conformity in the structure of belief up-
dates in response to a climate event, I use county-level survey data on beliefs related to climate
risk and potential damages from climate risk from Yale Climate Beliefs datasets (Howe et al. 2015).
The estimates of county-level risk perceptions and opinions on policy are derived from a statistical
model using multilevel regression with post-stratification on the national survey dataset, accounting
for demographic and geographic population characteristics. I use data from the 2014 survey as an
estimate of the prior beliefs. As an estimate for time-varying posterior beliefs, I use the data from
the 2016, 2018, and 2020 surveys. Moreover, I also examine the changes in policy preferences to ex-
amine whether individual preferences update with major weather events, and whether the nature
of this update is heterogenous across different climate policy instruments. I specifically focus on the

following questions in the surveys:

a. Do you think that global warming is already harming people in the U.S. now or within ten years?

o

. Do you think future generations are at risk of damage from climate change?
c. Do you support regulating CO, as a pollutant?

d. Do you support a policy requiring utilities to produce 20% electricity from renewable sources?

A.2016 B. 2020

FIGURE A2. Long-term risk perceptions
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We can see from the maps above that the public opinion on these questions has evolved over the
year, evidently in the direction of belief in climate change. For almost all of the questions on risk
perception, the mean response grew between 2014 to 2020. The average percentage of people who
think there are short-run risks from global warming increased from 39.67% in 2014 to 50.10% in
2020. The average percentage of people who believe there are long-run risks from global warming
increased from 58.07% to 64.92%. (Table A2). Moreover, the average support for regulating CO; as a
pollutant increased between 2014 and 2018 but declined in 2020 (Table A2).

I use the Billion-Dollar Weather and Climate Disasters report from NOAA??. The events covered
in these reports account for greater than 80% of the damage that has been recorded from all U.S.
weather and climate events.To examine the impact of Billion-Dollar weather events on beliefs /pref-
erences in 2020, I used the total number of Billion Dollar events for the state to which the county
belonged to for 2018 and 2019. I also control for the cumulative billion-dollar events between 2005 to
2017 to account for any long-term incorporation of information about climate change that may have
resulted from more than a decade of large-scale weather-event-induced losses. From the descriptive

statistics, we can see a noticeable variation in the number of these events across the states.

One of the significant caveats about using the YCM dataset is that despite the authors including
census and election data into their model for accuracy, the estimated shifts in public opinion at the
sub-national level between 2014 and 2020 may not only be due to opinion changes but also changes
in demographics and weather anomalies that were relevant for modeling opinions about climate

change.

I measure annual temperature and precipitation using the NCEI divisional data, containing quality
controlled annual summaries of minimum and maximum temperature, and precipitation?!. Annual
averages are computed using equally weighted months. I calculate the difference of the maximum,
minimum, and average temperature, and average precipitation from the 30 year average for the

county to control for weather anomalies.

I measure demographic characteristics using the 5-year estimates from the 2019 American Com-
munity Survey 5-year estimates for county population, median household income, and percentage
of people with more than 2 years of college education. For data on political affiliations, I use the MIT
Election Data and Science Lab repository for official returns for the 2016 Presidential elections for all

counties??. The dataset contains county-level vote shares for all candidates.

2ONOAA National Centers for Environmental Information (NCEI) U.S. Billion-Dollar Weather and Climate Disasters
(2021). https:/ /www.ncdc.noaa.gov /billions/, DOI: 10.25921 / stkw-7w73

Hhttps:/ /www.ncei.noaa.gov/pub/data/cirs/climdiv /
Zhttps:/ /github.com /MEDSL
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C.2. Methodology

I analyse the belief updating process in line with (Epstein et al. 2010) and (Cripps 2018), who present

updated beliefs as a linear combination of the prior beliefs and the posterior beliefs.

teler = (1= A)uo + A(kelxe, Xe-1, Xt-2, +-)

where: L - prior belief ; (p|x¢, X¢-1, Xt—2, ...) - Bayesian posterior on the basis of the information set
available till time t’. If there is no learning when subjected to new information, the individual’s pos-
terior beliefs are not significantly different from their prior beliefs (A = 0). If the learning is Bayesian,
then the posterior beliefs in the current period are the only determinants of the updated belief (A = 1).

In cases of non-Bayesian updating, A € (0,1).

This parameter could represent the confidence of the agent in the news, or the strength of the
priors?3. So, A < 1 would imply that the agent is conservative in updating their beliefs when subjected
to new information, whereas A > 1 represents ‘overconfidence” in the new information received. For
the purpose of estimation, I assume that if the learning is perfectly Bayesian, the posterior beliefs in
the current period are a combination of posterior beliefs in the previous period and new information
being generated by the number of events occurring at the state-level. Taking into account all relevant

controls, this would imply that the prior beliefs have no significant effect on the current beliefs.

Using the survey data, I examine the importance of the beliefs in the previous period (PosteriorBelief;_;
where t = 2016 & 2018), the priors (Belief 5y;4), and the number of billion dollar events in the intermit-
tent period between two survey waves, in determining the beliefs about the short-run and long-run
risk perceptions across 3104 counties in the United States. The event count is a a proxy for a sig-
nal about climate risks - it is imperfectly informative about the risks. I control for local geographic
conditions, population, educational attainment measures, and weather anomalies to account for pos-
sible non-linearities of effects of weather on risk perceptions. Since the waves measure the estimated
percentage of people that say yes to the questions mentioned in the previous section, I look at the
changes between the percentages recorded in waves after 2014 as posterior beliefs, and the percent-
age recorded in 2014 as the prior beliefs. If the posterior beliefs formed between 2016 and 2018 are
strongly determinant of the beliefs iformed between 2018 and 2020, individuals have updated their

risk perceptions.

2The updating could be iterated or ‘one-shot’. For the purposes of this analysis, I am considering a one-shot Bayesian
posterior
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C.3. Results
C.3.1. Beliefs about Climate Risks

Table A4 presents the results from the regression of change in average short-run climate risk percep-
tions between 2018 and 2020 on the change in beliefs between 2018 and 2016, and the perceptions
recorded in the first wave of the survey in 2014. The change in estimated percentage of people who
believe that they are at risk from global warming between 2018 and 2016 is a proxy for the posterior
beliefs in "t-1,” and the estimated percentage in 2014 is a proxy for the prior beliefs about short-run
climate risk. In order to examine the effects of major climate-induced weather events on the update
in beliefs, I check the impact of the frequency of billion-dollar weather events in 2018 and 2019, and
the total number of events between 2005 and 2017, on the risk perceptions in 2020. Controlling only
for state fixed effects (Specifications 1 and 2), I do not find a statistically significant effect of the recent
events recorded in 2018 and 2018, or of the effect of the cumulative events recorded between 2005
and 2017 by themselves. However, these events have an interactive statistically significant positive

effect for counties with higher posterior beliefs about short-run risk.

Across specifications 1 and 2, both the prior (2014 beliefs) and the previous period posterior (2018-
2016 beliefs) play a statistically significant role in determining the update in beliefs between 2018 and
2020. The magnitude of the effect of the posterior beliefs is negative implying that the updated beliefs
between 2020 and 2018 are growing at a slower pace, and the effect of the prior beliefs is positive.
However, the effect of the posterior beliefs increases in the direction of higher short-term risk from
climate change with large weather events in the recent past. This effect holds for the cumulative

history of events between 2005 and 2017 as well, though the magnitude is smaller.

Controlling for the elevation, temperature, and precipitation anomalies for 2018 and 2019 (as com-
pared to the 30-year county average), total population, educational attainment levels, and median
household income, and the state fixed effects, does not lead to a change in the significance or the rel-
ative importance of the prior and posterior beliefs in the previous period in determining the update

in beliefs between 2018 and 2019 (Specifications 3-6) 2,

However, the role of weather events become positive and statistically significant. The increase in
the estimated percentage of adults between 2018 and 2020, who believe that the U.S. is at risk from
climate change in the short-run, increases by 0.58-0.68 percentage points if the county belongs to
a state that has experienced an additional event relative to other states in 2018 and 2019. Moreover,
this effect is stronger by 0.015 percentage points in counties which have had a greater positive update

about short-run risk perceptions betwene 2016 and 2018. The cumulative history of events between

24Note that these results hold when weather anomalies are accounted for in a quadratic form (Specifications 5 and 6),
implying that controlling for possible nonlinear effects of weather anomalies does not reduce the belief-updating role of
large-scale weather events and disasters.
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2005 and 2017 has a positive, albeit smaller effect on the beliefs as well. However, as shown in spec-
ifications 4 and 6, the effect of the prior beliefs declines when the events between 2005 and 2017 are
accounted for. This implies that not only do the weather events serve as a signal for individuals to
update their beliefs in the direction of harm from climate change, but they also induce individuals to
accord a higher weight to new information than their prior beliefs when thinking about short-term

climate risk.

Examining the effect of the share of votes for the Republican party in the 2016 Presidential elec-
tions could provide evidence in favor of updating process being affected by the political beliefs of
individuals in a county. However, I do not find any statistically significant effects of political beliefs
on the change in short-term risk perceptions between 2018 and 2020. Table A3 presents the results
from the regression of change in average long-run climate risk perceptions between 2018 and 2020
on the change in beliefs between 2018 and 2016, and the perceptions recorded in the first wave of
the survey in 2014. The change in estimated percentage of people who believe that future genera-
tions are at risk from global warming between 2018 and 2016 is a proxy for the posterior beliefs in
't-1,” and the estimated percentage in 2014 is a proxy for the prior beliefs about long-run climate
risk. Controlling only for state fixed effects (Specifications 1 and 2), I find a statistically significant
positive effect of the recent events recorded in 2018 and 2019, and of the effect of the cumulative
events recorded between 2005 and 2017 by themselves. Moreover, these events have an interactive

statistically significant positive effect for counties with higher posterior beliefs about long-run risk.

Controlling for the elevation, temperature, and precipitation anomalies for 2018 and 2019 (as com-
pared to the 30-year county average), total population, educational attainment levels, and median
household income, and the state fixed effects, does not lead to a change in the significance or the rel-
ative importance of the prior and posterior beliefs in the previous period in determining the update

in beliefs between 2018 and 2019 (Specifications 3-6) 2,

The increase in the estimated percentage of adults between 2018 and 2020, who believe that the
U.S. is at risk from climate change in the short-run, increases by 0.56-1.08 percentage points if the
county belongs to a state that has experienced an additional event relative to other states in 2018 and
2019. Moreover, this effect is stronger by 0.012 - 0.014 percentage points in counties which have had
a greater positive update about short-run risk perceptions betwene 2016 and 2018. The cumulative
history of events between 2005 and 2017 has a positive effect, and the magnitude of this effect is
larger relative to that observed in table A4. The effect of the prior beliefs declines when the events
in 2018 and 2019, as well as the events between 2005 and 2017 are accounted for. This again signals

to beliefs about long-term risk being updated in presence of new information, but with the prior

ZNote that these results hold when weather anomalies are accounted for in a quadratic form (Specifications 5 and 6),
implying that controlling for possible nonlinear effects of weather anomalies does not reduce the belief-updating role of
large-scale weather events and disasters.
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beliefs and the beliefs in the previous period still playing an important role. In order to distinguish
the news effects of these events from the monetary damages borne by individuals, I examine the
possible effects of crop and property damages from weather-induced natural disasters across the
United States between 2018 and 2019. The data on damages is acquired from the SHELDUS database,
and includes per capita crop damages (in 2019 dollars) and per capital property damages (in 2019)
dollars. I analyze quartile-wise impact of total crop and property damages in 2018 and 2019 on the
updated beliefs between 2018 and 2020.

Controlling for the elevation, temperature, and precipitation anomalies for 2018 and 2019 (as com-
pared to the 30-year county average), total population, educational attainment levels, and median
household income, and the state fixed effects, I do not find any significant effects of the crop and
property damages on the change in long-run perceptions about climate risks (Table A5). However,
substantial property damages (or the fourth quartile of recorded property damages) have a positive
significant effect when interacted with counties that had high posterior beliefs about short-term cli-
mate risks between 2016 and 2018 (Table A6). These results could provide some hints about the kind
of information individuals pay attention to while forming their expectations about the long-run and
short-run risks from climate change. While the occurrence of large weather events has a stronger
impact on update in beliefs about long-run risks relative to the impact on short-run risks, mone-
tary damages seem to only affect beliefs about short-run risks. Moreover, this impact is observable
only for substantial property damages, in counties which already have a greater increase in posterior

beliefs about short-run risks.

C.3.2. Policy Preferences

Tables A7 and A8 present the results of regression of policy preferences on the occurrence of the
billion-dollar events. Controlling for all the county-level demographics, linear and quadratic weather
anomalies, as well as state-level fixed effects, the results highlight that while the policy preference for
CO; to be regulated as a pollutant is updating over time, with the posterior changes having a positive
and significant effect, the weather events have no significant impact on these preferences. However,
both the recent events and the cumulative event history between 2005 and 2017 have a positive and
significant effect on the change in the percentage of people who support requiring utilities to pro-
duce 20% of electricity from renewable sources, with the magnitude of effect of recent events being
larger. While I do not establish the link between beliefs and preferences, my analysis provides some
preliminary evidence to think about the role weather events play in updating consumer preference

for renewable energy, and hence accelerate the push for transition towards clean energy.

It is also interesting to notice, that while county-level poltiical beliefs did not have a significant role

in expectation formation, they impact preferences for both CO, regulation and renewable-energy
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based power sources. The impact of the share of republican votes in the 2016 general election is

negative and statistically significant.
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TABLE A2. Descriptive statistics

Statistic N Mean St. Dev. Min Pctl(25)  Pctl(75) Max
Timing (2014) 3,104 39.67 3.50 32 37 42 56
Timing (2016) 3,104 46.24 5.04 33.34 42.75 48.85 63.68
Timing (2018) 3,104 45.21 517 34.11 41.58 47.94 64.09
Timing (2020) 3,104 50.10 5.38 35.86 46.17 53.03 70.69
Futuregen (2014) 3,104 58.07 4.61 47 55 61 76
Futuregen (2016) 3,104 65.37 4.51 53.58 62.17 68.05 81.83
Futuregen (2018) 3,104 65.10 4.86 52.81 61.67 67.95 82.01
Futuregen (2020) 3,104 64.92 5.16 50.10 61.26 68.00 83.01
Republican Vote Share (2016 elections) 3,104 63.33 15.59 8.40 54.49 74.93 96.03
Eventsgig 3,104 5.85 3.45 1 2 8 13
Eventsjis 3,104 511 2.70 0 3 6 11
Eventsig17 3,104 6.03 417 0 3 8 17
Total Pop. 3,104 103,753.90  332,508.50 98 11,1772 67,926.5 10,081,570
Pop. enrolled in college 3,104 5,781.47 20,801.40 0 298 3,157 713,939
Pop. enrolled in graduate/professional school 3,104 1,346.02 5,252.93 0 47 531 147,778
Median HH. Income 3,104  53,332.83 14,095.89 21,504 44,1442 59,611.5 142,299
30-yr Temperature (Max) Anomaly (2016) 3,104 1.84 0.65 -0.26 1.40 2.30 391
30-yr Temperature (Avg) Anomaly (2016) 3,104 191 0.52 043 1.55 2.25 413
Precipitation (Avg) Anomaly (2016) 3,104 -0.03 0.56 -2.11 -0.32 0.30 1.84
30-yr Temperature (Min) Anomaly (2016) 3,104 1.97 0.68 -0.02 151 2.36 491
Precipitation (Avg) Anomaly (2017) 3,104 0.11 0.46 -1.18 -0.20 0.36 3.07
30-yr Temperature (Min) Anomaly (2017) 3,104 1.58 0.63 -1.09 1.26 1.99 3.38
30-yr Temperature (Max) Anomaly (2017) 3,104 1.36 0.68 -1.74 0.98 1.81 3.30
30-yr Temperature (Avg) Anomaly (2017) 3,104 1.47 0.57 -1.31 121 1.84 3.20
Precipitation (Avg) Anomaly (2018) 3,104 0.61 0.67 -1.75 0.09 1.08 3.01
30-yr Temperature (Min) Anomaly (2018) 3,104 0.78 0.98 -2.50 0.07 1.56 3.92
30-yr Temperature (Max) Anomaly (2018) 3,104 -0.19 0.94 -4.07 -0.60 0.36 2.92
30-yr Temperature (Avg) Anomaly (2018) 3,104 0.30 0.84 -3.10 -0.11 0.90 2.76
Precipitation (Avg) Anomaly (2019) 3,104 0.37 0.57 -2.68 0.02 0.76 2.69
30-yr Temperature (Min) Anomaly (2019) 3,104 0.37 1.26 -3.25 -0.56 1.39 4.21
30-yr Temperature (Max) Anomaly (2019) 3,104 -0.35 1.71 -5.75 -1.44 1.04 4.22
30-yr Temperature (Avg) Anomaly (2019) 3,104 0.01 1.45 -3.99 -1.00 1.24 421

C.4. Regression tables including controls

Tables A3, A4, A5, A6, A7, and A8 present the regression results for all the main variables as well as

the controls.

70



TABLE A3. Detailed regression Results: (Impact of events on the change in estimated percentage who
believe climate change might cause moderate to strong harm to the future generations (2020-2018))

Dependent variable: Futuregengzg_2018

1) @ [©) @) ®) 6
Futuregenyois_2016 ~0.085%** ~0.100*** ~0.109*** ~0.122%** ~0.117%** ~0.131%**
(0.026) (0.030) (0.031) (0.033) (0.032) (0.034)
Futuregen;oy 0.033 0.052** 0.039* 0.066*** 0.033 0.060"*
(0.020) (0.022) (0.022) (0.024) (0.022) (0.025)
Events;go 0.559*** 1.079%** 0.976***
(0.174) (0.260) (0.245)
Eventsgs1y 0.129%** 0.238*** 0.222%**
(0.034) (0.047) (0.045)
Share of votes (Republicans) 0.009** 0.011** 0.007 0.009*
(0.004) (0.005) (0.005) (0.005)
Event: x Futur 2016 0.012*** 0.013*** 0.014***
(0.003) (0.003) (0.003)
Events;gjo x Futuregenygs -0.004 -0.009** -0.008**
(0.003) (0.004) (0.004)
Eventsgs;; x Futuregensgig_2016 0.003*** 0.003*** 0.003***
(0.001) (0.001) (0.001)
Eventsgs;7 x Futuregenygq -0.001** -0.003*** -0.002***
(0.001) (0.001) (0.001)
Event: x Republi Share -0.002*** -0.001"**
(0.0005) (0.0005)
Eventsgs;; x RepublicanVoteShare -0.0003*** -0.0003***
(0.0001) (0.0001)
30-yr Temperature (Avg) Anomaly (2018) 0.052 0.052
(0.061) (0.059)
30-yr Temperature (Avg) Anomaly (2019) -0.090 -0.085
(0.058) (0.056)
30-yr Precipitation (Avg) Anomaly (2018) -0.010 -0.013
(0.050) (0.051)
30-yr Precipitation (Avg) Anomaly (2019) -0.049 -0.054
(0.060) (0.062)
(30 - yrTemperature(Avg) Anomaly(2018))? 0.007 0.008
(0.033) (0.032)
(30 - yrTemperature(Avg)Anomaly(2019))? 0.028 0.028
(0.019) (0.019)
(30 — yrPrecipitation(Avg)Anomaly(2018))? -0.017 -0.019
(0.023) (0.024)
(30 - yrPrecipitation(Avg)Anomaly(2019))? -0.084*** -0.087***
(0.029) (0.028)
Elevation 0.0003** 0.0003** 0.0003*** 0.0003***
(0.0001) (0.0001) (0.0001) (0.0001)
Log(Total Pop.) 0.078** 0.079** 0.078*** 0.080"**
(0.031) (0.032) (0.030) (0.031)
Pop. enrolled in college -0.00000 -0.00000 -0.00000 -0.00000
(0.00000) (0.00000) (0.00000) (0.00000)
Pop. enrolled in graduate/professional school 0.00003* 0.00003* 0.00003* 0.00003*
(0.00001) (0.00001) (0.00001) (0.00001)
Log(Median HH. Income) 0.055 0.057 0.064 0.068
(0.133) (0.134) (0.126) (0.128)
Constant —4.525%** —5.274*** —7.982**% —-9.133*** —7.447*% -8.702***
(1.030) (1.112) (2.108) (1.952) (1.990) (1.896)
Observations 3,104 3,104 3,104 3,104 3,104 3,104
R? 0.292 0.292 0.303 0.304 0.305 0.305
Adjusted R? 0.280 0.280 0.289 0.289 0.290 0.291

Note: Robust standard errors (clustered by state) are reported in parentheses. *p<0.1; **p<0.05; ***p<0.01
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TABLE A4. Detailed regression Results: (Impact of events on the change in estimated percentage who
believe climate change might cause moderate to strong harm to the US in the short-run (2020-2018))

Dependent variable: HarmUS2¢29_2018

@ @ ®3) ) 6 (6)
HarmUS20152016 ~0.125** ~0.143*%* ~0.158*** ~0.179*** ~0.164%** ~0.186***
(0.030) (0.038) (0.028) (0.032) (0.028) (0.033)
HarmUS,0;4 0.065** 0.084*** 0.059** 0.081*** 0.054** 0.076***
(0.025) (0.028) (0.024) (0.029) (0.025) (0.029)
Eventsgo 0.281 0.677*** 0.577**
(0.207) (0.262) (0.232)
Eventsgsyy 0.078* 0.153*** 0.137***
(0.041) (0.052) (0.046)
Share of votes (Republicans) 0.007 0.008 0.005 0.006
(0.005) (0.005) (0.005) (0.005)
Events;g;9 x HarmUS»g18_2016 0.014*** 0.015*** 0.015***
(0.003) (0.003) (0.003)
Eventsgio x HarmUSpo4 -0.005 ~0.008* -0.007
(0.005) (0.005) (0.004)
Eventsgsy; x HarmUSz15_2016 0.003*** 0.003*** 0.0047*
(0.001) (0.001) (0.001)
Eventsgs;y x HarmUSyg14 -0.002* ~0.002** ~0.002**
(0.001) (0.001) (0.001)
Event: x Republi VoteShare -0.001* -0.001
(0.001) (0.001)
Eventsgs;7 x RepublicanVoteShare -0.0002* -0.0002
(0.0001) (0.0001)
30-yr Temperature (Avg) Anomaly (2018) 0.033 0.027
(0.066) (0.064)
30-yr Temperature (Avg) Anomaly (2019) -0.097 -0.092
(0.071) (0.069)
30-yr Precipitation (Avg) Anomaly (2018) 0.002 0.00001
(0.055) (0.056)
30-yr Precipitation (Avg) Anomaly (2019) -0.054 -0.060
(0.075) (0.076)
(30 - yrTemperature(Avg) Anomaly(2018))? -0.017 -0.018
(0.034) (0.034)
(30 - yrTemperature(Avg)Anomaly(2019))? 0.032* 0.033*
(0.019) (0.018)
(30 - yrPrecipitation(Avg)Anomaly(2018))? -0.013 -0.013
(0.030) (0.030)
(30 - yrPrecipitation(Avg)Anomaly(2019))? -0.079** -0.080**
(0.036) (0.036)
Elevation 0.0003*** 0.0003*** 0.0003*** 0.0003***
(0.0001) (0.0001) (0.0001) (0.0001)
Log(Total Pop.) 0.182*** 0.182*** 0.181*** 0.180***
(0.042) (0.043) (0.040) (0.042)
Pop. enrolled in college -0.00001*** -0.00001*** -0.00001*** -0.00001***
(0.00000) (0.00000) (0.00000) (0.00000)
Pop. enrolled in graduate/professional school 0.00003** 0.00003** 0.00003** 0.00003**
(0.00001) (0.00001) (0.00001) (0.00001)
Log(Median HH. Income) 0.391*** 0.402*** 0.399*** 0.412%**
(0.130) (0.135) (0.121) (0.126)
Constant -2.103* -2.858"* -9.789*** -10.668"** -9.260*** -10.229***
(1.134) (1.257) (2.065) (2.099) (1.963) (2.035)
N 3,104 3,104 3,104 3,104 3,104 3,104
R? 0.180 0.181 0.220 0.221 0.221 0.222
Adj. R? 0.166 0.167 0.203 0.205 0.205 0.206

Note: Robust standard errors (clustered by state) are reported in parentheses. *p<0.1; **p<0.05; ***p<0.01
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TABLE Ab. Detailed regression Results: (Impact of crop and property damages on the change in es-
timated percentage who believe climate change might cause moderate to strong harm to the future
generations (2020-2018))

Dependent variable: Futuregenyg2o-2018

Futuregenzg20-2018
1) 2 3)

Futuregenagig-2016 -0.024 -0.040 -0.043
(0.030) (0.032) (0.032)

Futuregensgis 0.020* -0.003 -0.006
(0.012) (0.017) (0.017)
Share of votes (Republicans) -0.001 -0.001

(0.002) (0.002)

Crop Damages (in $) - Quartile 4 0.147 0.208 0.234
(0.811) (0.829) (0.852)
Property Damages (in $) - Quartile 2 0.646 0.551 0.461

(0.609) (0.634) (0.618)

Property Damages (in $) - Quartile 3 0.851 0.699 0.560
(0.670) (0.676) (0.681)

Property Damages (in $) - Quartile 4 1.467* 0.986 0.906
(0.709) (0.679) (0.680)
Futuregenygig-2016 xCrop Damages (in $) - Quartile 4 —-0.003 -0.003 —-0.001
(0.039) (0.039) (0.040)
Futuregenyoy4xCrop Damages (in $) - Quartile 4 —-0.003 -0.004 —-0.004
(0.014) (0.014) (0.014)
Futuregenygig_2016 xProperty Damages (in $) - Quartile 2 -0.006 -0.004 -0.008

(0.040) (0.042) (0.042)

Futuregenygig_2016 xProperty Damages (in $) - Quartile 3 0.025 0.027 0.030
(0.047) (0.049) (0.048)

Futuregenygg-2016 xProperty Damages (in $) - Quartile 4 0.005 -0.007 —-0.007
(0.053) (0.049) (0.048)
Futuregenygy4xProperty Damages (in $) - Quartile 2 —-0.010 -0.009 -0.007
(0.010) (0.011) (0.010)
Futuregenyoy4 xProperty Damages (in $) - Quartile 3 —-0.016 -0.013 —-0.010
(0.011) (0.011) (0.012)
Futuregenygy4 xProperty Damages (in $) - Quartile 4 -0.026** -0.017 -0.016
(0.012) (0.011) (0.011)
Constant -1467%* -2.001 —2.247*
(0.637) (1.365) (1.326)
Observations 2,926 2,926 2,926
R? 0.304 0.312 0.313
Adjusted R? 0.289 0.294 0.296

Note: Robust standard errors (clustered by state) are reported in parentheses. “p<0.1; **p<0.05; ***p<0.01
Regressions 2-3 control for state fixed-effects, county-level income,

population, educational attainment, and linear and quadratic 30-year temperature and precipitation anomalies
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TABLE A6. Detailed regression Results: (Impact of crop and property damages on the change in esti-
mated percentage who believe climate change might cause moderate to strong harm to the US in the
short-run (2020-2018))

Dependent variable: HarmUS2020-2018

HarmUS2020-2018

(1) 2 3)
HarmUS2015_2016 —0.121%** ~0.140%** —0.144%**
(0.047) (0.043) (0.042)
HarmUS,q14 0.045*** 0.021 0.019
(0.016) (0.017) (0.017)
Share of votes (Republicans) 0.001 0.0001
(0.002) (0.002)
Crop Damages (in $) - Quartile 4 -1.153* -0.826 -0.829
(0.620) (0.609) (0.618)
Property Damages (in $) - Quartile 2 0.487 0.458 0.444
(0.565) (0.574) (0.556)
Property Damages (in $) - Quartile 3 0.862 0.632 0.539
(0.818) (0.907) (0.887)
Property Damages (in $) - Quartile 4 1.093 0.502 0.493
(0.748) (0.760) (0.753)
HarmUSq18-2016xCrop Damages (in $) - Quartile 4 0.024 —-0.002 —-0.001
(0.056) (0.050) (0.051)
HarmUS¢34 xCrop Damages (in $) - Quartile 4 0.025* 0.017 0.017
(0.013) (0.013) (0.013)
HarmUS2018_2016 X Property Damages (in $) - Quartile 2 0.058 0.039 0.039
(0.046) (0.045) (0.045)
HarmUS»018-2016 X Property Damages (in $) - Quartile 3 0.121* 0.122* 0.126*
(0.070) (0.070) (0.068)
HarmUS;013_2016 xProperty Damages (in $) - Quartile 4 0.099** 0.091** 0.094**
(0.045) (0.043) (0.042)
HarmUS;q14 xProperty Damages (in $) - Quartile 2 —-0.010 -0.009 —-0.009
(0.012) (0.012) (0.011)
HarmUS¢14 xProperty Damages (in $) - Quartile 3 -0.021 -0.015 -0.013
(0.017) (0.019) (0.019)
HarmUS¢14 xProperty Damages (in $) - Quartile 4 -0.026* -0.011 -0.011
(0.016) (0.016) (0.016)
Observations 2,926 2,926 2,926
R? 0.194 0.228 0.229
Adjusted R? 0.176 0.209 0.209

Note: Robust standard errors (clustered by state) are reported in parentheses. “p<0.1; **p<0.05; ***p<0.01
Regressions 2-3 control for state fixed-effects, county-level income,

population, educational attainment, and linear and quadratic 30-year temperature and precipitation anomalies
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TABLE A7. Detailed regression Results: (Impact of events on the change in estimated percentage who
support regulating CO2 as a pollutant (2020-2018))

Dependent variable: Regul 0-2018
@ ) (©)] @ ©®) (6)
RegulateCO25015_2016 0.195*** 0.211** 0.189%** 0.189*** 0.186*** 0.186***
(0.035) (0.038) (0.034) (0.036) (0.035) (0.037)
RegulateCO2p0y4 0.024 0.057** ~0.035*** ~0.025 ~0.038"** -0.027
(0.024) (0.027) (0.014) (0.018) (0.014) (0.018)
Events;gio 0.210 0.181 0.117
(0.286) (0.141) (0.120)
Eventsgsyy 0.106** 0.050* 0.039
(0.045) (0.029) (0.026)
Share of votes (Republicans) -0.037*** -0.038*** -0.037*** -0.038**
(0.003) (0.003) (0.003) (0.003)
RegulateCO20;5 2016 x Eventsgio 0.001 ~0.0004 -0.0003
(0.004) (0.004) (0.004)
02,014 x Event -0.002 -0.001 -0.001
(0.004) (0.002) (0.002)
RegulateC023918-2016 * Eventsgs7 —-0.0002 —-0.0001 —-0.00004
(0.001) (0.001) (0.001)
RegulateC02;14 x Eventsgs;7 -0.001** -0.001 -0.0005
(0.001) (0.0004) (0.0004)
Events;gjox Share of votes (Republicans) 0.00001 0.0001
(0.0005) (0.001)
Eventsgs;7 x Share of votes (Republicans) 0.00005 0.0001
(0.0001) (0.0001)
30-yr Temperature (Avg) Anomaly (2018) 0.032 0.030
(0.045) (0.045)
30-yr Temperature (Avg) Anomaly (2019) -0.069 -0.070
(0.044) (0.044)
30-yr Precipitation (Avg) Anomaly (2018) 0.019 0.020
(0.036) (0.036)
30-yr Precipitation (Avg) Anomaly (2019) 0.020 0.018
(0.043) (0.043)
(30 - yrTemperature(Avg) Anomaly(2018))? 0.001 0.001
(0.024) (0.024)
(30 — yrTemperature(Avg)Anomaly(2019))? 0.016 0.017
(0.015) (0.015)
(30 - yrPrecipitation(Avg) Anomaly(2018))? 0.008 0.009
(0.018) (0.018)
(30 — yrPrecipitation(Avg) Anomaly(2019))? -0.022 -0.023
(0.022) (0.022)
Elevation 0.00002 0.00002 0.00003 0.00003
(0.0001) (0.0001) (0.0001) (0.0001)
Log(Total Pop.) -0.057** -0.056"* -0.057** -0.055**
(0.025) (0.026) (0.024) (0.026)
Pop. enrolled in college -0.00000* -0.00000* -0.00000* -0.00000*
(0.00000) (0.00000) (0.00000) (0.00000)
Pop. enrolled in graduate/professional school 0.00003*** 0.00003"** 0.00003"** 0.00003***
(0.00001) (0.00001) (0.00001) (0.00001)
Log(Median HH. Income) -0.013 -0.023 -0.013 -0.023
(0.085) (0.090) (0.083) (0.087)
Constant —-6.418""* —8.595*** 0.533 0.121 0.911 0.466
(1.658) (1.820) (1.166) (1.279) (1.070) (1.221)
Observations 3,104 3,104 3,104 3,104 3,104 3,104
R? 0.165 0.167 0.385 0.385 0.384 0.385
Adjusted R? 0.150 0.153 0.372 0.372 0.372 0.372

Note: Robust standard errors (clustered by state) are reported in parentheses. *p<0.1; **p<0.05; ***p<0.01
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TABLE A8. Detailed regression Results: (Impact of events on the change in estimated percentage who
support requiring utilities to produce 20% electricity from renewable sources (2020-2018))

Dependent variable: SupportRPS2920_2018

@ @ (©) (G ©®) 6)
supportRPSz015_2016 0.024 0.052** 0.009 0.031 0.004 0.025
(0.028) (0.026) (0.029) (0.029) (0.030) (0.030)
SupportRPSyqy4 ~0.051%** ~0.034** ~0.078*** ~0.072*** ~0.081** ~0.075"**
(0.014) (0.015) (0.015) (0.017) (0.016) (0.017)
Eventsigo 0.406*** 0.483*** 0.4127**
(0.109) (0.137) (0.124)
Eventsgsyy 0.094*** 0.092*** 0.080***
(0.019) (0.027) (0.025)
Share of votes (Republicans) -0.026*** -0.025*** -0.027*** -0.026***
(0.004) (0.003) (0.004) (0.003)
supportRPSz018_2016 * Eventsgio 0.004* —-0.001 —-0.0003
(0.003) (0.003) (0.003)
PPOrtRPSyq4 x Event: -0.001 -0.002 -0.001
(0.002) (0.002) (0.002)
supportRPS2g18 2016 * Eventsgs;y —-0.0001 —-0.001 -0.001
(0.001) (0.001) (0.001)
supportRPS;q14 x Eventsgsy7 -0.001** —-0.0005 —-0.0004
(0.0004) (0.0004) (0.0004)
Eventsgjo xShare of votes (Republicans) -0.001*** —-0.001**
(0.0004) (0.0004)
Eventsgs;;xShare of votes (Republicans) -0.0002*** -0.0002***
(0.0001) (0.0001)
30-yr Temperature (Avg) Anomaly (2018) 0.062 0.066
(0.059) (0.060)
30-yr Temperature (Avg) Anomaly (2019) -0.079 -0.077
(0.053) (0.053)
30-yr Precipitation (Avg) Anomaly (2018) -0.001 -0.005
(0.048) (0.048)
30-yr Precipitation (Avg) Anomaly (2019) -0.010 -0.010
(0.044) (0.044)
(30 - yrTemperature(Avg) Anomaly(2018))? 0.012 0.013
(0.035) (0.035)
(30 — yrTemperature(Avg)Anomaly(2019))? 0.022 0.021
(0.016) (0.016)
(30 - yrPrecipitation(Avg) Anomaly(2018))? -0.029 -0.030
(0.018) (0.018)
(30 — yrPrecipitation(Avg) Anomaly(2019))? -0.022 -0.022
(0.020) (0.019)
Elevation -0.00002 -0.00003 0.00000 -0.00000
(0.0001) (0.0001) (0.0001) (0.0001)
Log(Total Pop.) -0.124"** -0.125"** -0.122*** -0.122***
(0.021) (0.021) (0.020) (0.020)
Pop. enrolled in college -0.00000 -0.00000 0.00000 -0.00000
(0.00000) (0.00000) (0.00000) (0.00000)
Pop. enrolled in graduate/professional school 0.00001 0.00001 0.00001 0.00001
(0.00001) (0.00001) (0.00001) (0.00001)
Log(Median HH. Income) -0.265** -0.269** -0.258** -0.261**
(0.111) (0.115) (0.108) (0.111)
Constant 1.212* 0.626 8.514*** 8.453*** 8.788** 8.681°**
(0.722) (0.794) (1.290) (1.359) (1.210) (1.301)
Observations 3,104 3,104 3,104 3,104 3,104 3,104
R? 0.373 0.373 0.479 0.479 0.480 0.480
Adjusted R? 0.362 0.362 0.468 0.468 0.469 0.469

Note: Robust standard errors (clustered by state) are reported in parentheses. *p<0.1; **p<0.05; ***p<0.01
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TABLE A9. Detailed regression Results: (Impact of crop and property damages on the change in esti-
mated percentage who support regulating CO2 as a pollutant (2020-2018))

Dependent variable: Regulatezo29-2018

1) (2) &)
RegulateC022018 2016 0.194*** 0.140*** 0.139***
(0.033) (0.032) (0.032)
RegulateC025014 0.039** ~0.038*** ~0.039***
(0.018) (0.012) (0.012)
Share of votes (Republicans) -0.036"** -0.036***
(0.002) (0.002)
Crop Damages (in $) - Quartile 4 1.049 0.242 0.251
(1.208) (1.097) (1.083)
Property Damages (in $) - Quartile 2 2771 1.106 1132
(0.988) (0.881) (0.887)
Property Damages (in $) - Quartile 3 1.245 -0.859 -0.867
(1.236) (1.087) (1.077)
Property Damages (in $) - Quartile 4 5.000*** 1.883% 1.902*
(1.057) (1.137) (1.138)
RegulateC025¢;8_2016x Crop Damages (in $) - Quartile 4 0.005 0.033 0.034
(0.034) (0.034) (0.033)
RegulateC025¢34x Crop Damages (in $) - Quartile 4 -0.015 -0.005 -0.005
(0.016) (0.015) (0.015)
RegulateC025018_2016 % Property Damages (in $) - Quartile 2 0.003 0.028 0.026
(0.040) (0.037) (0.037)
RegulateC025018_2016 % Property Damages (in $) - Quartile 3 0.047 0.075* 0.074*
(0.036) (0.041) (0.041)
RegulateC025018_2016x Property Damages (in $) - Quartile 4 -0.068 —-0.009 -0.010
(0.042) (0.037) (0.036)
RegulateC025¢14 xProperty Damages (in $) - Quartile 2 -0.038*** -0.016 -0.016
(0.013) (0.012) (0.012)
RegulateC023¢14 xProperty Damages (in $) - Quartile 3 —-0.020 0.009 0.010
(0.017) (0.014) (0.014)
RegulateC025¢14 xProperty Damages (in $) - Quartile 4 -0.068*** -0.026* -0.026"
(0.014) (0.015) (0.015)
Constant -7.202*** 0.789 0.665
(1.274) (1.050) (1.075)
Observations 2,926 2,926 2,926
R? 0.179 0.394 0.394
Adjusted R? 0.161 0.378 0.378

Note: Robust standard errors (clustered by state) are reported in parentheses. *p<0.1; **p<0.05; ***p<0.01
Regressions 2-3 control for state fixed-effects, county-level income, population, educational attainment,

and linear and quadratic 30-year temperature and precipitation anomalies
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TABLE A10. Detailed regression Results: (Impact of crop and property damages on the change in esti-
mated percentage who support requiring utilities to produce 20% electricity from renewable sources

(2020-2018))

Dependent variable: supportRPS2020-2018

)] 2 ®)
supportRPS;018-2016 0.087*** 0.020 0.018
(0.026) (0.026) (0.026)
supportRPS;o14 ~0.0377%* ~0.082%** ~0.083***
(0.013) (0.013) (0.013)
Share of votes (Republicans) -0.032*** -0.032***
(0.002) (0.002)
Crop Damages (in $) - Quartile 4 1.083** 0.785* 0.762*
(0.539) (0.417) (0.413)
Property Damages (in $) - Quartile 2 1.734** 0.981 0.963
(0.682) (0.677) (0.681)
Property Damages (in $) - Quartile 3 0451 -0.484 -0.537
(0.779) (0.697) (0.689)
Property Damages (in $) - Quartile 4 1.624** 0.219 0.232
(0.713) (0.822) (0.818)
supportRPS;g18-2016x Crop Damages (in $) - Quartile 4 -0.032 -0.019 -0.018
(0.031) (0.032) (0.032)
supportRPSzg14x Crop Damages (in $) - Quartile 4 -0.021** -0.015** -0.014*
(0.009) (0.007) (0.007)
supportRPS;q18-2016 xProperty Damages (in $) - Quartile 2 -0.051 -0.027 -0.028
(0.033) (0.036) (0.037)
supportRPS»¢18_2016 xProperty Damages (in $) - Quartile 3 -0.016 0.001 0.002
(0.036) (0.030) (0.030)
supportRPS2q18_2016xProperty Damages (in $) - Quartile 4 -0.078* -0.041 -0.042
(0.042) (0.035) (0.035)
supportRPS,q14xProperty Damages (in $) - Quartile 2 -0.033°** -0.018 -0.018
(0.012) (0.012) (0.012)
supportRPSzq14 xProperty Damages (in $) - Quartile 3 -0.009 0.009 0.010
(0.014) (0.012) (0.012)
supportRPS,q14 xProperty Damages (in $) - Quartile 4 -0.032** -0.006 -0.006
(0.013) (0.015) (0.015)
Constant 2.814%** 11.056*** 10.808***
(0.665) (1.056) (1.039)
Observations 2,926 2,926 2,926
R? 0.380 0.481 0.482
Adjusted R? 0.367 0.468 0.469

Note: Robust standard errors (clustered by state) are reported in parentheses. *p<0.1; **p<0.05; ***p<0.01
Regressions 2-3 control for state fixed-effects, county-level income, population, educational attainment,

and linear and quadratic 30-year temperature and precipitation anomalies
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