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Abstract

What makes a firm concern more about climate change than others? This paper ex-
amines the effect of social interactions on the amount of attention devoted to climate
change exposure by firm management. I show that climate change topics are more dis-
cussed during earnings calls when local stakeholders have geographically distant friends
who are exposed to disaster events. The exogenous shocks to far-away friends should
not affect local firms except through a social channel. I provide evidence that the effect
leads to a real outcome, a reduction in greenhouse gas emissions. My results imply
that organizational efforts to heighten climate risk awareness can enhance corporate
sustainable behaviors through a social network.

*kim2988@purdue.edu, Purdue University, Daniels School of Business, 403 Mitch Daniels Blvd, West
Lafayette, IN 47907-2056.


mailto:kim2988@purdue.edu

1 Introduction

Over the past decade, the increasing toll of climate change has gained substantial attention
from policymakers, the general public, investors, and businesses®. In response, firms have
been reacting to rapidly evolving climate change exposures such as regulatory risk, physical
risk, and new opportunities?>. One factor that may play an important role in determining
how firms respond to the climate change exposure is the allocation of managerial attention
(Dessein and Santos (2021)). In other words, how managers perceive and pay attention
to climate change may aledt their responses. In this paper, | examine the role of social
interactions as a determinant of firm-level attention to climate change exposure and find
that it is essential in explaining firm responses and real outcomes such as reduction in
greenhouse gas emissions.

Recent theoretical and empirical studies highlight the influence of social interactions
on economic decisions (Hirshleifer (2020); Shiller (2017)). Building upon those studies, |
explore how managerial attention changes in response to the shocks from climatic events
transmitted through social interactions. The previous literature suggests diLerent reasons
behind companies incorporating sustainability factors into their corporate management. One
prevailing explanation posits that such integration enhances profitability and firm value,
often referred to as the “doing well by doing good” relationship®. Other studies consider
the opposite perspective, that is, “doing good by doing well”, by examining whether only
well-performing firms can aland to invest in environmental, social, and governance (ESG)

practices (Hong et al. (2012)). However, neither of the arguments alone may fully explain

'On November 16, 2022, the New York Times reported that, from 2011 to the end of 2021, 90 percent
of US counties experienced floods, hurricanes, wildfires, or other significant calamities resulting in federal
disaster declarations. More than 700 counties faced five or more such disasters during this period. For more
details, see https://www.nytimes.com/2022/11/16/climate/climate-change-county-natural-disaster.html

2For instance, Governance & Accountability Institute reports that 96% of S&P 500 com-
panies published sustainability reports in 2021 compared with 20% in 2011. For more
details, see https://www.ga-institute.com/research/ga-research-directory /sustainability-reporting-trends/
2022-sustainability-reporting-in-focus.html

3 Albuquerque et al. (2019); Chava (2014); Deng et al. (2013); Dimson et al. (2015); Dowell et al. (2000);
Flammer (2015); Konar and Cohen (2001); Kriiger (2015); Lins et al. (2017); Orlitzky et al. (2003)


https://www.nytimes.com/2022/11/16/climate/climate-change-county-natural-disaster.html
https://www.ga-institute.com/research/ga-research-directory/sustainability-reporting-trends/2022-sustainability-reporting-in-focus.html
https://www.ga-institute.com/research/ga-research-directory/sustainability-reporting-trends/2022-sustainability-reporting-in-focus.html

the variation observed across rms in their involvement with environmental, social, and
governance (ESG) issues. Why do some companies engage more in ESG, whereas others
do so to a lesser extent? Several studies in the literature have suggested that cross-country
di erences, such as economic development, culture, institutions (Cai et al. (2016)), legal
origin (Liang and Renneboog (2017)), leadership characteristics (Cronqvist and Yu (2017);

Di Giuli and Kostovetsky (2014)), and pressures from institutional investors (Chen et al.
(2020); Dimson et al. (2015); Dyck et al. (2019)) serve as determinants of rms' engagement

in ESG practices. My paper suggests social interactions as another determinant that can
help explain this variation in rm practices regarding climate change exposure.

Identifying the causal e ect of social interactions on rms' attention to climate change ex-
posures faces several challenges. First, climate change exposures of rms are simultaneously
a ected by numerous factors such as regulation, opportunity, physical risk, nancial condi-
tions, and industry norms. Consequently, disentangling the e ect of social interactions from
these confounding factors is a complex task. Additionally, local stakeholders of the rms are
endogenous and susceptible to the same common shocks as the rms (Manski (1993)). For
example, the variation in the local economy can induce changes in the attention given to cli-
mate change exposure by both rms (Hong et al. (2012)) and the local stakeholders (Kahn
and Kotchen (2010)). Establishing a clear causal relationship between social interactions
and rms' attention to climate change exposures is challenging due to these interconnected
complexities.

To overcome such concerns, | employ an identi cation strategy that utilizes the county-
pairwise social network structure based on Facebook users and exploits disaster declarations
as exogenous shocks experienced by friends within the network. Previous studies empir-
ically document that friends' experiences are transmitted through social interactions and
a ect individuals' nancial decisions. For instance, Bailey et al. (2018b) nd that individu-
als are more inclined to transition from renting to owning homes when their distant friends

experience signi cant increases in housing prices. Similarly, Hu (2022) shows that ood ex-



periences among remote friends increase the uptake rates of ood insurance. Motivated by
these ndings, | use social network data to capture the transmission of distant shocks through
social interactions and examine its e ect on the level of managerial attention devoted to cli-
mate change exposure. Speci cally, | utilize the county-pairwise Social Connectedness Index
(Bailey et al. (2018a)), which is constructed based on anonymized information regarding
friendship links between Facebook users. Given Facebook's extensive reach and pervasive
presence in the market, this measure provides a realistic representation of the real-world
social network in the United States.

To identify the causal impact of social interactions on rms' attention to climate change,
my strategy leverages non-local disaster events as exogenous shocks to friends in distant lo-
cations. Declared disasters by nature are unlikely to be associated with other determinants
of rms' climate change exposures due to their quasi-random nature. Using disaster dec-
larations as exogenous shocks, | examine how the level of attention toward climate change
exposure changes among rms located in geographically distant areas. Speci cally, within
each remote state, | compare the post-disaster change of rms located in counties that are
more connected to the disaster area to that of rms in less connected counties. For example,
for a disaster declared in Florida, | examine the rms in geographically distant states, such
as lllinois. Within lllinois, | compare the changes in the attention of rms in counties that
are more connected with Florida to those of rms in counties that are less connected with
Florida, before and after the disaster strike in Florida. | preclude the direct in uence of the
disaster by only considering distant friendships in the network, isolating the e ect of social
interactions.

For the measurement of the attention level toward climate change exposure, | employ
the climate change exposure measure from Sautner et al. (2020). This measure calculates
the frequency of climate change-related bigrams within the transcripts of earnings calls and
scales it by the total number of bigrams. | use this climate change exposure measure over

other databases that provide ESG (Environmental, Social, and Governance) and CSR (Cor-



porate Social Responsibility) scores for several reasons. First, the measure directly captures
the revealed attention given to climate change-related topics, o ering a more intuitive in-
terpretation of the results. Second, it enables the timely assessment of changes in attention
following a shock since it is derived from regular earnings calls without any delay. Third, it

is worth noting that a change in attention toward climate change exposure may not always
translate into speci c ESG-related actions. Instead, it can manifest in various outcomes such
as increased cash holdings (Heo (2021)) and lower leverage (Ginglinger and Moreau (2022)),
which are not fully captured by conventional ESG scores.

Using a stacked di erence-in-di erence framework (Baker et al. (2022)) around declared
disasters between 2010 and 2021, | nd that rms located in counties that are more socially
connected to the disaster area experience a signi cant increase in their attention towards
climate change exposure compared to their counterparts in less connected counties within
the same state. | also nd that the magnitude of the e ect varies across di erent speci c
topics covered by the climate change attention measure. The attention given to opportunity-
related topics increases by 2.93%, while the attention on regulatory-related topics increases
by 10.19%. On the other hand, the e ect on attention toward physical risk is relatively small
in both statistical signi cance and magnitude. Next, | nd that this e ect on attention is
sharpest up to four quarters after the disaster before gradually reverting over subsequent
guarters. | also show that there are no di erential pre-disaster trends between more and less
connected rms. Furthermore, | suggest additional evidence that is consistent with the idea
that social interactions in uence managerial attention to climate change exposure. First, |
nd that the e ect is monotonic in the degree of social connection by using a sharper compar-
ison between the top versus bottom quartile. Second, rm responses are more pronounced
on average when they have high existing climate change exposure. | nd stronger e ects in
the industries with high average climate change exposures.

| examine and address concerns about potential non-causal alternative interpretations

for my ndings. The empirical design of this paper rules out several potential non-causal



alternative explanations. First, one can be concerned about the possibility of common shocks
among counties. However, it is highly improbable that lllinois counties that are more closely
connected to Florida would simultaneously experience a climatic event alongside Florida,
while lllinois counties with weaker connections to Florida remain una ected. Next, the
research design rules out any potential in uence from the local economy or local media
because | am exclusively comparing counties within the same state, which is located far
away from any area impacted by a disaster.

Another alternative interpretation is that social network data may re ect economic asso-
ciations between counties and that rms are responding to the risk of climatic disasters. This
explanation requires that economic links, such as supply chain relationships, between two
locations are su ciently re ected in social connection data. However, the survey evidence by
Hampton et al. (2011) that only 10% of Facebook friendships are with co-workers, making it
highly unlikely that the Facebook-based social connection measure su ciently captures dis-
tant work-related connections. Additionally, | conduct an additional test on heterogeneous
e ects that align more consistently with the hypothesis that managerial attention on climate
change exposure is attributable to social interactions rather than economic associations with
the disaster area. Using the locations where rm managers received their education, | iden-
tify rms with more direct social connections to disaster areas. | show that, among rms in
more connected counties, rms with managers who received their education in the state of
the disaster strike respond stronger than their counterparts.

One potential concern with my empirical design is that some rms can be involved as
either the treatment or control group in multiple events, leading to duplicate observations
if the event windows overlap. | rst address the issue of non-independent observations by
clustering standard errors at the county level in all relevant regressions. Next, | address
the concern by repeating the baseline test on a subsample of rm-quarter observations that
belong exclusively to either the treatment or control group (without being in a treatment

group for one event and a control group for another event). Last, | employ an alternative



approach that uses the average disaster experience of each county within its social networks
each period. This alternative approach results in only one observation per rm per time. In
all cases, | nd my ndings to be consistent, suggesting that the observed e ect is not con ned

to a particular empirical design. Furthermore, | perform robustness tests using di erent
distance limits between disasters and rms, di erent regression models, and a placebo test.
In these tests, | show that the results are consistent with my previous ndings, implying
that the ndings are robust to alternative speci cations and models.

| investigate whether increased attention to climate change exposure translates into any
real e ect. Using greenhouse gas emission data, | show that rms located in counties that
are more socially connected to disaster areas tend to reduce their emissions more on average
in the years following disasters. Moreover, | examine the specic categories or scopes of
emissions to understand how social interactions a ect rms' emission reduction e orts. The
ndings indicate that overall reduction is driven by both Scope 1 and Scope 2 emissions.
Scope 1 emissions are direct emissions from operations owned or controlled by the report-
ing rm, while Scope 2 emissions are indirect emissions associated with the generation of
purchased energy. However, the e ect on the reduction of indirect emissions is much more
signi cant, which is often an easier option for rms. Speci cally, there is a signi cant reduc-
tion of up to 5.65% in Scope 2 emissions during post-disaster periods. These results support
the hypothesis that social interactions are one of the driving factors behind rms' e orts to
actively mitigate their environmental impact.

This study makes a contribution to the eld of social nance, which investigates the role of
social networks in shaping economic and nancial decision-making. Previous studies, such as
Bailey et al. (2018b) and Allen et al. (2022), have demonstrated how social networks impact
individuals' investment decisions in housing and consumer loans, respectively. Furthermore,
Kuchler et al. (2022) has shown the in uence of social networks on institutional investors,
indicating that stronger social ties to speci ¢ regions lead to increased investments in rms

from those regions, resulting in higher liquidity and valuations. To the best of my knowledge,



this research provides the rst empirical evidence highlighting the in uence of social networks
on rms' attention to their climate change exposure.

This study also contributes to the literature on the determinants of ESG engagement.
This research introduces social interactions as an additional determinant that not only en-
courages rms to pay more attention to climate change exposures but also drives them to
make sustainable investments. By building upon previous research on the factors in uencing
corporate policies regarding climate change exposure, this study expands our understand-
ing of the various drivers behind rms' engagement in climate-related issues. In addition,
this study has extensive implications for organizations that promote the implementation of
sustainable practices among rms. My results imply that organizational e orts to heighten

climate risk awareness can enhance corporate sustainable behaviors through a social network.

2 Data

2.1 Social Connectedness Index

| capture the social network among counties using the Social Connectedness Index ($CI)
developed by Bailey et al. (2018a). Social Connectedness Index (SCI) uses aggregated de-
identi ed snapshot of Facebook users and their friendship networks as of October 2021 to
measure the level of social connectedness between locations. Bailey et al. (2018) calculate
the Social Connectedness Index (SCI) between two counties using the number of Facebook
friendship links between individuals in the two counties divided by the product of the number

of Facebook users in the two counties. The resulting numbers are scaled to have a maximum
value of 1,000,000,000 and a minimum value of 1. Consequently, the Social Connectedness
Index for a given pair of counties measures the relative probability of a Facebook friendship

link between a given Facebook user in one county and another user in another county.

“The data is publicly available from https://dataforgood.facebook.com/dfg/tools/
social-connectedness-index.



The validity and applicability of the Social Connectedness Index (SCI) as a representa-
tion of real-world U.S. social networks have been established in prior research (Bailey et al.
(2018hb), Bailey et al. (2019), Bailey et al. (2022), Allen et al. (2022), Kuchler et al. (2022),
Hu (2022)). It is arguably a realistic representation of real-world social networks in the
United States because of Facebook's extensive user base, with 234 million active users in the
United States and Canada. Furthermore, survey evidence indicates that individuals primar-
ily utilize Facebook to interact with their existing social circles, re ecting the integration of
the platform into real-world social interactions (Hampton et al. (2011), Jones et al. (2013)).
Considering these factors, the SCI o ers a reliable and robust measure of social networks,

enhancing the validity and applicability of its use in this study.

2.2 Attention to Climate Change Exposure

| use the climate change exposure measure constructed by Sautner et al. (2020) to capture
the rm-level attention devoted to climate change exposure. Building on recent work that
uses quarterly earnings calls as a source to identify rms' risks and opportunities (Hassan
et al. (2019, 2022, 2021a,b); Jamilov et al. (2021)), Sautner et al. (2020) use the proportion of
earnings calls that pertain to climate change topics to capture the rm's attention devoted to
climate change exposures at a given point in time. More speci cally, the measure counts the
frequency of climate change related bigrams in the transcript, scaled by the total number of
bigrams in the transcript. Four related sets of climate change bigrams are constructed using
the method that adapts the keyword discovery algorithm proposed in King et al. (2017).
The rst captures broadly de ned aspects of climate change. The remaining three measures
cover speci ¢ climate change topics: opportunities (e.g., renewable energy, new energy),
physical shocks (e.g., sea level rise), and regulatory shocks (e.g., carbon taxes, cap and trade
markets). Table Al provides examples of bigrams used to measure the attention to general
climate change topics.

Panel A of Table 1 presents rm-quarter level summary statistics for the attention mea-



sures. For the purpose of exposition, the measures are multiplied by 1,000. The measures
for the attention to climate change exposure have a large mass of values at 0 since rms
discuss climate-related topics during their earnings call only when they are relevant to their
current business conditions. To account for such distributional characteristics, | show that
my results are robust in the estimations using Poisson regressions and negative binomial re-
gressions, which provide unbiased estimates for non-negative dependent variables with high

dispersion.

2.3 Declared Disasters

| obtain data about disasters from the o cial FEMA Disaster Declaration database, which

is raw data from FEMA's National Emergency Management Information System (NEMIS).
The database provides unique disaster ID numbers, declaration dates, incident start and end
dates, FIPS codes for declared states and counties, and incident types. | focus on the disasters
with incident types that are commonly perceived to be related to climate change: coastal
storms, res, oods, hurricanes, Severe Storms, and Tsunamis. This leaves 1,338 declared
disasters in my sample, with each declaration typically a ecting multiple counties. Figure 2
presents the frequency of such declarations per county, with darker shades of blue indicating
higher frequency. The heat map highlights that the declarations were not concentrated in

speci ¢ areas, but rather spread out with some variations.

2.4 Other Data

| complete the sample using data from multiple sources. Financial data for rms are obtained
from Compustat. Institutional ownership data is from Thomson Reuter 13F data and SEC
13F lings. Firm locations are identi ed using Augmented 10-X header datafrom the

University of Notre Dame. | obtain greenhouse gas emission data from Re nitiv Asset4

dataset and managers' education information from Boardex.

Shttps://sraf.nd.edu/data/augmented-10-x-header-data/



3 Identi cation Strategy

In this section, | outline the empirical strategy used to assess the e ect of social interactions
on managerial attention toward climate change exposure. My empirical design leverages
exogenous shocks that occur in distant locations, which should in uence attention levels pri-
marily through peer e ects with friends a ected by the shock. Using those distant shocks, |
employ a di erence-in-di erence approach to address concerns about common shocks. Specif-
ically, | compare rms within the same state but located considerably far from the shock.
This strategy enables me to isolate the causal impact of social interactions on rms' attention
while controlling for potential confounding factors that may a ect rms in the same state.

Non-local disaster events, as random shocks to geographically distant regions, should be
orthogonal to the climate change exposure of rms. Thus, any change, stemming from those
events, in the attention level devoted to climate change topics by management should re ect
the aggregation of peer e ects across individuals surrounding the rms. Speci cally, for a
given disasterd, | rst identify the set of counties fagy a ected by the disasterd, and the
set of countiesf bgy in geographically distant states that are at least 750 miles away from
the disasterd. Since disasters often a ect multiple counties, | calculate the countyy's social
connection to the disaster-a ected aredagy using the population- or equal-weighted average
of the county-by-county SCI measure, which re ects the relative probability of friendship
links between counties. Then, within each state, | de ne the treatment (control) group as
the counties with the above (below) state-median social connection to the disaster area.
Figure 1 illustrates an example of social connections in the context of one speci ¢ disaster,
Hurricane Hermine, that impacted parts of Florida in September 2016. The gure shows a
heat map indicating the levels of social connections (depicted in shades of blue) across the
a ected region (depicted in shades of brown). Counties within a 750-mile distance threshold
are uncolored as they are excluded from the analysis pertaining to this speci c disaster.

| employ a stacked di erence-in-di erence design (Baker et al. (2022)) by stacking individ-

ual event studies for every disaster evertt and clustering the standard errors at the county

10



level. Each event study is structured using the following di erence-in-di erence regression:
Yit = o+ i1Connect+ ,Post+ 3Connect Post+ X+ iy (1)

where Connect is an indicator variable for rm i located in the county b that has above
state-median social connection to disaster argfeagy. P ost is an indicator variable that
equals 1 if quartert is within subsequentk quarters after the disasterd. The outcome
variable Y;; measures the frequency of the speci ed climate change related bigrams in an
earnings call transcript of rm i in quarter t. Control variables X;; include Log(Assets),
Debt=Assets Cash=Assets CAP EX=Assets, PP E=Assets EBIT=Assets, R&D=Assets
and institutional ownership. The interaction term Connect Post is the key variable

of interest which captures the e ect of social interactions on the management's attention
devoted to climate change exposure.

This empirical design leverages distant shocks that mainly propagate through social net-
works, thereby mitigating the endogeneity issue associated with common shocks that simul-
taneously a ect both rms and local stakeholders. Moreover, | conduct comparisons among
rms within the same state by de ning treated and controlled rms conditional on being in
the same state. Consequently, the rms in comparison are subjected to comparable climate
and economic conditions. While variations in climate conditions within a state are plausible,

the di erence-in-di erence framework e ectively isolates the xed disparities.

4 Empirical Results

In this section, | test the hypothesis that management devotes more attention to climate
change related topics due to social interactions around the rm. | present the results of
my empirical analysis, which exploit non-local disasters that occur to geographically distant

friends. | also provide additional tests that exploit heterogeneity in the e ect on attention.
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4.1 Main Result

Applying the empirical design outlined in Section 3, | examine the change in the attention
toward climate change among rms located within the same state but in the counties with
di erent levels of social connection to a geographically distant disaster-a ected area. Specif-
ically, | de ne rms located in the counties with above state-median social connection to the
disaster area as the treated rms.

Table 2 reports the coe cient estimates of regression 1. Under the hypothesis that social
interactions a ect rm management's attention toward climate change exposure, | expect
a positive and signi cant coe cient on the interaction term Connect Post. In column
1 of Panel A, the estimate of 0.0282 represents a 2.54 percent increase over the average
attention measure (1.11) at event time zero. This suggests that rm management devotes
more attention to general climate change related topics when its local stakeholders have
geographically distant friends who experience a disaster. Columns 2, 3, and 4 focus on the
e ect on the attention toward more speci ¢ topics: opportunity (OP), regulatory (RG), and
physical risk (PH). Positively signi cant coe cients imply that the e ect remains signi cant
even when we limit our focus to each speci c topic. The attention devoted to opportunity
(column 2) and regulatory (column 3) topics also increases when distant friends of the local
stakeholders experience a disaster. However, the coe cient on the key interaction term for
physical risk (column 4) has a smaller magnitude with weaker statistical signi cance. This is
consistent with the expectation because an exogenous shock transmitted from geographically
distant areas is less likely to a ect the attention on physical risk, which is closely related
to the location of rms' assets. These results remain robust even whéhonnect is de ned
using equal-weighted social connections to the disaster area in columns 5 through 8.

In Panel B, C, and D of Table 2, | check the persistence of the e ect by examining
extended time horizons after each disaster. According to the limited attention literature, it
is expected that the initial surge in topical attention will gradually wane over time. Given the

emergence of other pressing issues in subsequent quarters, it is di cult to sustain the same
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level of attention dedicated to climate change exposure. Panel B and C examine the e ect
on 6 and 8 subsequent quarters, respectively. The results still show positive and signi cant
estimates but with monotonically decreasing magnitudes. In Panel D, | compare all post-
disaster quarters to pre-disaster quarters. In this case, | nd no signi cance in the estimates,
which implies that the level of attention devoted to climate change topics reverts back to
the long-run average in several years.

| show such dynamic e ects through a more formal test. In Figure 3, | plot the coe cients

on the interaction terms in the following equation:
X X
Y = o+ 1Connect+ K1(t=t +k)+ XConnect 1(t=1t +K)+ Xy + i (2)

wheret is the quarter when disasted occurs. The coe cients are measured relative to the
coecient at k = 1. The dependent variableY;; measures the level of attention devoted

to general climate change exposures (CC). First, | nd the result that is consistent with the
identifying assumption that there is no evidence of di erential pre-trend. Prior to the event,
the e ect is not statistically di erent from zero, implying that the managerial attention of

rms in the more and less connected counties has, on average, evolved in parallel. Second, the
gure shows that the increased attention progressively reverts to the long-run average level.
For instance, the magnitude of the e ect peaks in the fourth quarter after a disaster, with

a coe cient value of 0.034 on the corresponding interaction term. A coe cient decreases
to statistically insigni cant -.0002 in the eighth quarter, indicating that the e ect of social

interactions on managerial attention on climate change exposure diminishes as time passes.

4.2 Heterogeneous E ects
4.2.1 Social Connections

My identi cation strategy is based on the assumption that social connection levels capture

the varying degrees of social interactions. Hence, the e ect of social interactions is expected
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to be monotonic to the strength of the social connection. Management in most (least)
connected counties should show the largest (smallest) increase in attention toward climate
change exposure.

To test this heterogeneous e ect in social connections, | use sharper de nitions for the
treatment and control group than those used in the baseline analysis. In Panel A of Table 3,
| compare the top versus bottom quartiles of social connection within the same state. The
estimate in column 1 is approximately 45% larger in raw magnitude than the baseline results.
The estimate of 0.0411 is a 3.81-percent increase over the mean attention measure (1.077)
at event time zero. Even when the analysis focuses on speci ¢ topical attentions in columns
2 and 3, the estimates are similarly larger in magnitude than the baseline results. | do not
nd a stronger e ect on the attention towards physical risk, which should be less subject to

the e ect of geographically distant shocks.

4.2.2 Industries with High Climate Change Exposures

My hypothesis also implies that the e ect of social interactions would be stronger on the
rms with high existing climate change exposure than those without much exposure to pay
attention to. That is, rms with interests at stake should be those more a ected by social

in uences. In Panel B of Table 3, | use the subsample that only includes the top 10 SIC2
industries® based on the average climate change exposure measures. Across all dependent
variables, I nd the coe cient on the key interaction term to be much larger in magnitude

than those from the baseline results in Table 2. For example, the coe cient on the key
interaction term in column 1 is 0.0958, which is more than three times greater than the
magnitude of the analogous baseline estimate. Consistent with previous results, the e ect

on the attention towards physical risk remains insigni cant.

SElectric, Gas, & Sanitary Services, Heavy Construction, Construction, Transportation Equipment, Elec-
tronic & Other Electric Equipment, Coal Mining, Petroleum Re ning, Local & Suburban Transit, Automative
Dealers & Service Stations, Primary Metal
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5 Alternative Interpretations

In this section, | examine possible alternative interpretations of the results and provide
further evidence to rule out such explanations. First, several features of the empirical design
used in this study make the in uence of any common shocks among rms or counties highly
unlikely to be the cause of the e ect: 1) disasters used in the study are exogenous due to
their quasi-random nature, 2) | only focus on disasters experienced by geographically distant
friends, which are unlikely to be simultaneous with other local shocks in a systematic way, 3)
the di erence-in-di erence framework that makes comparison within the same state further
mitigates the concern about common shocks because possible common components, such as
the local economy, are extracted out of the analysis. In order for the ndings to be caused
by common shocks, local counties that are more closely connected to a disaster area need to
simultaneously experience a climatic event with the disaster area, while other local counties
in the same state but with weaker connections to the disaster area remain una ected. In
addition, the di erence-in-di erence framework accounts for any inherent xed di erences

(e.g., political inclinations) between counties in the same state.

5.1 Economic Association

Another alternative interpretation is that economic associations between areas make rms
respond to climatic disasters. That is, rms pay more attention to their climate change
exposure because the disaster-a ected area is economically related to their business. First,
this explanation requires social connections measured using Facebook data to capture eco-
nomic links between counties. The survey evidence by Hampton et al. (2011) suggests that
only 10% of Facebook friendships are with co-workers, making it highly unlikely that the
Facebook-based social connection measure su ciently captures distant work-related rela-
tionships. Therefore, it is unlikely that treatment and control groups de ned using social

connections measures are systematically associated with the economic links with disaster-
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a ected areas. In addition, | conduct a test controlling for absolute values of cumulative
abnormal returns after each disaster. Firms may be directly exposed to disasters through
economic channels either because they have facilities or operations in the disaster area or
because their suppliers or customers do. If such economic in uences exist in the sample,
they would be captured by abnormal returns after disaster occurrences in either positive
or negative directions. In Panel A of Table 4, | show the estimates of the baseline re-
gression 1 with the absolute value of the rm's abnormal returns around the disaster as
an additional control variable. | calculate the abnormal returns following the procedure in
Campbell et al. (1998). Cumulative abnormal returns are calculated using the market model
CAR][0; 10} = P 20 AR whereARi = Riy [+ ““Rmt]. The parameters” and "} are
estimated from the equationR;; = ;+ Rnt + it on a pre-event period of 250 trading
days ending 30 days prior to event date.

Across all dependent variables, | nd the e ect to be robust to this additional control
for economic channel. The coe cients on the key interaction term are not only positive
and signi cant, but also greater in magnitude compared to the baseline result, supporting
the hypothesis that the e ect is arising from social channel, but not from the economic

associations with the disaster area.

5.2 Information Gap

Another possible alternative interpretation is the information gaps between urban and rural
areas. Urban areas generally have greater probability of having higher social centrality. If
urban areas have easier access to more climate change information including disaster news,
one may posit that the increase in managerial attention to climate change exposure is stem-
ming from this information gap. To account for this information channel, | run the baseline
test using the subsample with only the rms located in the Metropolitan Statistical Areas

(MSAs)’. By de ning the treatment and control groups only using the MSA subsample, |

"MSA is a geographic entity based on a county or a group of counties with at least one urbanized area
with a population of at least 50,000 and adjacent counties with economic ties to the central area.
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limit the analysis to only the urban areas.

Panel B of Table 4 reports the estimates from this MSAs subsample analysis. | nd the
e ect to be robust in the subsample across all dependent variables. The magnitude and
statistical signi cance of the key interaction term is also qualitatively similar to the baseline
results, implying that the e ect is not stemming from the information gap between urban and
rural areas. This result also further addresses any concern about xed di erences between
counties such as di erent political inclination within the same state, especially between urban

and rural areas.

5.2.1 Education Location of Managers

To support the argument that the e ect primarily results from social interactions rather than
other rm-level economic relationships or information gaps, | examine the magnitude of the
e ect on rms where one or more chief o cers (CEO, CFO, or COO) have a direct social
relationship with the disaster-a ected area. Speci cally, | assume that rms whose chief
o cers received their undergraduate or graduate education in the state that was struck by
the disaster have stronger social connections with the disaster-a ected area. The underlying
assumption is that a manager's educational experience would capture the social interactions
that are less likely related to rm-level economic associations. If the increase in managerial
attention on climate change exposure is a result of social interactions, the magnitude of the
e ect is expected to be greater in rms with managers with such social connections.

In Panel A of Table 5, | split the sample into rms with and without managers who have
social connections to the disaster area through their educational experiences to compare the
magnitude of the e ect. | repeat the baseline regression on each subsample and nd that
the e ect is indeed stronger in the subsample with only the rms whose managers have
direct social connections to the disaster-a ected area. For example, the coe cient estimate
in column 2 is more than two-fold greater in magnitude than the estimate in column 1.

To formally test whether the increase in the managerial attention on climate change ex-
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posure is di erent for rms with versus without managers who have direct social connections

to the disaster area, | perform the following triple di erence regression:

Yit = o+ 1Connect+ ,Post+ 3;Connect Post
+ ,Connect Post Education; + sConnecf Education; (3)

+ sEducation; Post+ ;Education; + Xj; +

where Education; is an indicator variable that equals 1 if rm i has one or more chief
o cers who received their education in the state of disaster strike. As per the baseline
regression 1,Connect is an indicator variable for rm i located in the county b that has

an above state-median social connection tbagy and P ost is an indicator variable that
equals 1 if quartert is within subsequent 4 quarters after the disasted. The outcome
variable Y;; measures the attention toward general climate change exposure (CC) of rm
in quarter t. The key variable of interest for this test is the triple interaction termConnect

Post. Education;, which captures the incremental e ect of social interactions when a rm's
manager has a personal social connection to the disaster area. Panel B of Table 5 reports the
coe cient estimates from the regression 3. In column 3, the coe cient estimate on the key
interaction term is positive and signi cant, implying that direct social connection results in

a stronger e ect on managerial attention toward climate change exposure. In column 4, the
nding remains consistently positive and signi cant when | use a negative binomial regression
model. Overall, both the survey evidence and the regression results align consistently with
the hypothesis that social interactions in uence rm-level attention toward climate change

exposure.

6 Alternative Methodology

In this section, | address a possible concern in my empirical design that associates social con-

nections with attention to climate change by showing that my ndings are robust to alterna-

18



tive speci cations and empirical approaches. My empirical strategy employs a di erence-in-
di erence framework that allows straightforward comparison between rms in more versus
less connected counties without an endogeneity concern. On the other hand, stacked event
studies imply that some rms can be involved in more than one event as either treated or
controlled if the event windows overlap. In other words, there is a unique observation per
rm per quarter per event, instead of a unique observation per rm per quarter.

To address the issue of non-independent observations, | rst cluster the standard errors
at the county level in all relevant regressions. Next, | address the concern by repeating the
baseline test on the subsample with observations that are exclusively in the treatment or
control group at a rm-date level. This subsample analysis precludes any possible bias from
the observations that are in the treatment group for one event and in the control group
for another event. | also focus on the event window between 4 quarters before and after
each disaster to further mitigate any possible bias from the heterogeneous treatment e ect.
In Table 6, the coe cient estimates for the interaction term are positive and signi cant
across all dependent variables, implying that the ndings are not driven by such duplicating
observations.

Furthermore, | employ an alternative empirical approach that is free from similar con-
cerns. | construct a new variableN etworkDisaster , , that measures the average disaster
experience of countya's social networkN between timet; and t,. With the social network
N being countya's network that only includes geographically distant counties, | de ne },
to be the share of countya's friends in network N who lives in county b and Disaster ., ,
to be the number of declared disasters in county b betweénand t,. Then, | construct the
key variable as: «

N

NetworkDisaster }; ., = ab Disasterpy, ., (4)
b

With the key variable re ecting the weighted experience surrounding each rm in a social

network, | estimate the following regression to capture the average e ect of geographically
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distant friends' experience on the attention paid to climate change exposure:

Yi;t = ot 1NetworkDisaster ;’;l;t 4:t + Xi;t + I:Estate time T I:Eindustry ot (5)

This regression model ensures that each rm has only one observation per time period,
thereby eliminating any concern regarding duplicate observations. | isolate the e ect of the
disaster experience of friends in the network in the same state at the same time by control-
ling for the state-by-time xed e ects. In addition, | tease out any xed di erence across
industries, such as exposure to regulations (e.g. carbon tax) and business opportunities (e.g.
renewable energy), using industry xed e ects. Table 7 shows results from regression 5. The
coe cients on the key variable NetworkDisaster }, ,, are positive and signi cant across
all dependent variables. The relative order of magnitudes among estimates also follows the
pattern from baseline results with column 1 being the largest and column 4 being the small-
est. Overall, it is evident that the ndings are robust to multiple approaches to mitigate the

possible concern about the empirical design.

6.1 Robustness Test

As reported in Table 1, the measures for the attention to climate change exposure have
a large mass of values at 0 since rms discuss climate-related topics during their earnings
call only when they are relevant to their current business conditions. One might be con-
cerned that these distributional characteristics may cause bias in the results. To account for
these distributional characteristics of outcome variables, | estimate using a Poisson regression
model, which provides unbiased estimates for non-negative dependent variables, and a neg-
ative binomial regression model, which is similar to the Poisson model but further accounts
for excess variance.
The estimated results are reported in columns 1 through 4 of Table 8. In Panel A,

consistent with the baseline result in Table 2, the coe cients on the key variabl€ onnect
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P ost, estimated using a Poisson regression are positive and signi cant across all dependent
variables. The magnitudes of e ect on the attention to opportunity- and regulatory-related
topics in columns 2 and 3, respectively, are signi cantly greater than the baseline restiits.
In Panel B, | nd the estimated results using negative binomial regressions to be similar to
those in Panel A. These robustness tests support that the baseline results do not stem from
the distributional characteristics of variables but from the e ect of social interactions.

In Table 9, | also show that my results are robust to a variety of distance limits between
rms and a disaster. | vary my distance limit between a rm and a disaster from 750 miles
to 250, 500, and 1000 miles to be included in the sample. Across all dependent variables,
| nd that estimates are robust to these alternative speci cations and similar to my main

ndings presented in Table 2.

6.2 Falsi cation Test

| conduct a falsi cation test using the same baseline speci cation but with di erent de-
pendent variables. | use the rm-level political risk measures constructed by Hassan et al.
(2019) as the dependent variables in Table 10. Hassan et al. (2019) also use the frequency of
bigrams in earnings calls to construct the measures. Therefore, the rm-level political risk
measures are similar in nature to the attention toward climate change exposure measures
used in this paper. Similar to the baseline result, the estimates reported in columns 1, 2, and
3 of Table 10 would capture the e ect of social interactions on the attention toward political
risk, non-political risk, and overall risk, respectively. They are insigni cant across all depen-
dent variables, implying that exogenous climatic disaster shocks transmitted through social
interactions only a ect the attention on climate change exposure, but not the attention on
less-related topics.

| conduct another falsi cation test using the same baseline speci cation but with disaster

8In a Poisson model with a regression coe cient , the magnitude of e ect from a unit change in the
independent variable is calculated a® 1. This e ect size represents the percentage change in the dependent
variable.
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shocks that are not related to the climate change. Earthquakes are common and costly
disaster in the U.S., but not generally not perceived as climate change related disaster because
of its nature. Therefore, if the increase in managerial attention to climate change exposure
is arising from the social interactions regarding climatic disasters, we do not expect to see
similar e ect when the shocks are less relevant to the climate change. Table 11 reports the
estimates from this falsi cation test using the earthquakes as exogenous shocks. Consistent
with the expectation, | do not nd any signi cant e ect on managerial attention to climate
change exposures in this case. This result implies that the baseline results are indeed arising

from the social interaction channels.

7 Do Social Interactions Result in Real E ect?

My hypothesis and regressions examine the e ect of social interactions on managerial at-
tention paid to climate change exposures. Since the attention level is measured using the
discussion during the earnings calls, it is worth examining whether this increased attention
leads to any real e ect. Speci cally, | investigate whether the e ect of social interactions
also leads to a reduction in greenhouse gas emissions.

| rst examine if the e ect of social interactions reduces aggregate greenhouse gas emis-
sions scaled by revenue. Then, | use the greenhouse gas emission data that decomposes the
total emission into three di erent categories: Scope 1, Scope 2, and Scope 3 emission. Scope
1 emissions are direct emissions from sources owned or controlled by the rm, such as those
associated with fuel combustions in boilers, furnaces, vehicles, and so on. Scope 2 emissions
are indirect emissions that stem from the purchase of electricity, steam, heat, or cooling.
Scope 3 emissions are all other indirect emissions by suppliers and customers.

| estimate the following regression, which is slightly modi ed from the speci cation of

regression 1 to conduct a real e ect test:

Yit = o+ i1Connect+ ,Post+ 3Connect Post+ X+ iy (6)
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where all explanatory variables are de ned the same as in regression 1. The outcome variables
Yix measure the CO2/Revenue, Scope 1, 2, and 3 emissions of irm year t. | use annual-
level observations since corporate greenhouse gas emission data is only available annually.

Table 12 reports the estimates of Regression 6. In column 1 of Panel A, I nd a signi cant
and negative estimate for the key interaction variabl€onnec{ P ost, implying that rms
reduce their aggregate emissions after their distant counties experience disaster events. In
Panel B and C, | nd that the e ect is persistent for two and three years after disasters. The
estimate of -16.83 is a 3.72-percent decrease over the mean overall emission level (452.85) at
event time zero.

To understand how rms reduce their emissions either directly or indirectly, | estimate
the same regression using emissions of di erent scopes in columns 2, 3, and 4. | nd that
overall reduction is driven both by the change in Scope 1 and 2 emissions. In column 2 of
Panel B and C, the estimate is signi cantly negative, implying a reduction in direct emissions.
The estimate of -112,604.7 is a 2.62-percent decrease over the mean Scope 1 emission level
(4,294,036) at event time zero. The magnitude of the e ect is even larger for the reduction
in Scope 2 emission. In column (3) of all three panels, I nd a signi cant reduction of Scope
2 emissions that stems from the e ect of social interactions. The estimate of -44134.1 is
a 5.65-percent decrease over the mean Scope 2 emission level (781,600) at event time zero.
For most companies, Scope 2 emissions can be one of the easier options to reduce emissions
since the reduction can be done by simply nding more sustainable suppliers or renewable
sources. Hence, the estimated result is within the boundary of our expectations.

| do not nd a signi cant reduction in Scope 3 emissions. This is consistent with our
expectation since Scope 3 emissions cover the emissions produced by customers using the
company's products or those produced by suppliers making products that the company uses.
In other words, Scope 3 emissions are under the control of suppliers or customers, so they
are a ected by decisions made outside of the company. Taken together, I nd that the e ect

of social interactions on the attention toward climate change exposure leads to the real e ect
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of reduction in greenhouse gas emissions.

8 Conclusion

This paper investigates the in uence of a social channel on managerial attention towards
climate change exposure. To measure the attention devoted to climate change exposure, |
employ a measure that counts the frequency of climate change related bigrams in quarterly
earnings calls (Sautner et al. (2020)), which provides an intuitive assessment of managerial
attention. By leveraging declared disasters as quasi-random shocks to geographically distant
friends and utilizing the Social Connectedness Index to capture the social network that can
transmit these shocks, | identify the causal e ect of social interactions on rms' attention to
climate change exposure. The ndings indicate that the level of attention towards climate
change exposure increases by two to ten percent after their geographically distant but socially
connected areas experience a disaster event. These ndings have implications for organiza-
tions that promote the implementation of sustainable practices among rms and provide a

rationale for ongoing e orts to raise awareness about climate change among stakeholders.
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Figure 1: This gure provides an illustrative example that demonstrates the data and
empirical design, focusing on a speci c disaster: Hurricane Hermine in September 2016. The
a ected counties are colored brown, while the blue shades represent the heat map of social
connectedness with the impacted area. Only counties located at least 750 miles away from
the disaster a ected area are colored in this gure and included in the analysis.
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Figure 2: This gure displays the frequency of disaster declarations per county from 2010
to 2021. The heat map uses blue shades with darker colors indicating higher frequency.
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Figure 3: This gure shows the dynamic e ects of social interactions on the attention
towards climate change exposures. It pIotg, the coe cient estimates df 5g from the fol-
lowing regression:Yiy = o+ jConnect+ , K1(t=1t +k)+ |, XConnect 1(t=

t +Kk)+ Xt + ¢ for rm i, year-quartert, and disasterd. f Xg are measured relative
to '3‘= 1 which is omitted. For a given disasterd and the a ected countiesfag®, social
connectedness of countito fag® is measured using the population weighted average of the
social connectedness index between couriiyand f ag?, where social connectedness index is
the relative probability of Facebook relationship on county pair level obtained from Bailey
et al. (2018b).t is the quarter when disasted occurs. The sample is only comprised of the
rms located in the counties that are at least 750 miles apart from the disastat. Connec#

is an indicator variable for rm i located in the countyb that has above state-median social
connectedness tédag®. The dependent variableY,§ measures the level of attention devoted
to general climate change exposures (CC). The sample period is between January 2010 and
December 2021. Control variableX;; include Log(Assets), Debt=Assets Cash=Assets
CAPEX=Assets, PP E=Assets EBIT=Assets, R&D=Assets and institutional ownership.
t-statistics, calculated using standard errors clustered by county, are shown in parentheses
below the estimates. *, **, and *** denote statistical signi cance at the 10%, 5%, 1% level,
respectively.
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