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ABSTRACT 

 

 

This dissertation consists of three essays in corporate finance. There are five chapters. 

In the first essay, we find that local gambling preferences have economically meaningful 

effects on corporate innovation. Using a county’s Catholics-to-Protestants ratio as a proxy for 

local gambling preferences, we show that firms headquartered in areas with greater tolerance for 

gambling tend to be more innovative, i.e. they spend more on R&D, and obtain more and better 

quality patents. These results are supported by several robustness checks, tests to mitigate 

identification concerns, and analyses of several secondary implications. Investment in innovation 

makes a stock more lottery-like, a feature desired by individuals with a taste for gambling. 

Gambling preferences of both local investors and managers appear to influence firms’ innovative 

endeavors and facilitate transforming their industry growth opportunities into firm value. 

In the second essay, we find robust evidence that banks headquartered in more religious 

areas take less risk and remain less vulnerable to financial crises. To reduce risk, these banks 

grow their assets more slowly, hold safer assets, rely less on non-traditional banking, and provide 

less incentives to their executives to increase risks. Local religiosity has a more pronounced 

influence on risks among banks for which local investors and managers are more important. But 

these banks command lower market valuations during normal times. Overall, this paper provides 

the first empirical evidence of the importance of human behavior in bank risk-taking. 

In the third essay, I examine the influence of sell-side financial analysts on corporate 

social responsibility (CSR), and find that firms with greater analyst coverage tend to be less 
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socially responsible. To establish causality, I employ a difference-in-differences (DiD) 

technique, using brokerage closures and mergers as exogenous shocks to analyst coverage, as 

well as an instrumental variables approach. Both identification strategies suggest that analyst 

coverage has a negative causal effect on CSR. My findings are consistent with the view that 

spending on CSR is a manifestation of agency problem, and that financial analysts exert pressure 

on managers to cut back such discretionary spending.
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CHAPTER 1 

INTRODUCTION 

 

This dissertation consists of three essays in corporate finance. In the first essay, which 

consists of Chapters 2 and 3 (Internet Appendix), we find that local gambling preferences have 

economically meaningful effects on corporate innovation. Using a county’s Catholics-to-

Protestants ratio as a proxy for local gambling preferences, we show that firms headquartered in 

areas with greater tolerance for gambling tend to be more innovative, i.e. they spend more on 

R&D, and obtain more and better quality patents. These results are supported by several 

robustness checks, tests to mitigate identification concerns, and analyses of several secondary 

implications. Investment in innovation makes a stock more lottery-like, a feature desired by 

individuals with a taste for gambling. Gambling preferences of both local investors and managers 

appear to influence firms’ innovative endeavors and facilitate transforming their industry growth 

opportunities into firm value. 

In the second essay (Chapter 4), we find robust evidence that banks headquartered in 

more religious areas take less risk and remain less vulnerable to financial crises. To reduce risk, 

these banks grow their assets more slowly, hold safer assets, rely less on non-traditional banking, 

and provide less incentives to their executives to increase risks. Local religiosity has a more 

pronounced influence on risks among banks for which local investors and managers are more 

important. But these banks command lower market valuations during normal times. Overall, this
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paper provides the first empirical evidence of the importance of human behavior in bank risk-

taking. 

In the third essay (Chapter 5), I examine the influence of sell-side financial analysts on 

corporate social responsibility (CSR), and find that firms with greater analyst coverage tend to be 

less socially responsible. To establish causality, I employ a difference-in-differences (DiD) 

technique, using brokerage closures and mergers as exogenous shocks to analyst coverage, as 

well as an instrumental variables approach. Both identification strategies suggest that analyst 

coverage has a negative causal effect on CSR. My findings are consistent with the view that 

spending on CSR is a manifestation of agency problem, and that financial analysts exert pressure 

on managers to cut back such discretionary spending. 
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CHAPTER 2 

RELIGION, GAMBLING ATTITUDES AND CORPORATE INNOVATION 

 

2.1 Introduction 

 Considerable research finds that innovation is a key driver of firm value as well as 

overall economic growth (see, e.g., Solow (1957), Hall, Jaffe and Trajtenberg (2005), and 

Kogan, et al. (2012)). However, firms are often reluctant to invest in innovation projects because 

these projects tend to have long gestation periods and high probabilities of failure, and thus 

require a culture of failure-tolerance (see, e.g., Holmstrom (1989), Manso (2011), and Tian and 

Wang (2013)). This paper examines one cultural trait of a firm’s local area, namely a preference 

for gambling, that can potentially overcome managerial reluctance to invest in corporate 

innovation. 

Many innovative endeavors, i.e., attempts to come up with new products, services and 

methods, represent gambles because they promise relatively small probabilities of large success 

and large probabilities of failure. Local gambling culture can promote innovation for at least two 

reasons. First, as prior research on local bias finds, both retail and institutional investors tend to 

overinvest in local stocks (see, e.g., Coval and Moskowitz (1999), Grinblatt and Keloharju 

(2001), and Ivković and Weisbenner (2005)). In addition, investors in gambling-tolerant areas 

are more likely to hold lottery-type stocks and are even willing to pay a premium for the lottery 
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factor in a   stock (see Kumar (2009) and Kumar, Page and Spalt (2011, hereafter KPS)).1 So 

investment in innovation projects, which tend to have risky and positively-skewed payoff 

distributions, can make a stock more attractive to local investors in gambling-tolerant areas by 

making the stock more lottery-like. Second, managers, who may be from the local community 

(see Yonker (2012)), or adopt its key cultural traits, likely share the community’s gambling 

preferences, as KPS (2011) find for rank-and-file employees. So managers in communities with 

a gambling culture are more likely to find innovation projects attractive and to invest in them. So 

our first hypothesis is that firms located in areas with a gambling culture are more likely to invest 

in innovation and to generate higher innovation output. 

 Moreover, we expect the effect of gambling preferences on innovation outcomes to be 

larger in innovative industries for two reasons. First, firms in these industries have more 

opportunities for innovation (see Hirshleifer, Low and Teoh (2012, henceforth HLT)), and 

greater flexibility and resources (e.g., a higher R&D budget, and excess capacity in physical 

assets and skills) to pursue them. So, for these firms the expected benefit from tapping risky 

growth opportunities is likely to exceed the expected adjustment costs of doing so. Second, firms 

in such industries are more likely to have experienced extremely successful events, a trait which 

is overvalued by individuals with gambling preferences (e.g., Kumar (2009), and Bali, Cakici, 

and Whitelaw (2011)). Therefore, our second hypothesis is that the influence of local gambling 

culture on innovation should be greater among firms in innovative industries. 

                                                 
1 A large literature documents investors’ tendency to overweight small probabilities of very high returns 

and to underweight large probabilities of smaller losses, i.e., prefer positively-skewed (or lottery-like) 

payoffs (see, e.g., Friedman and Savage (1948), Kahneman and Tversky (1979), Tversky and Kahneman 

(1992), and Barberis and Huang (2008)). Using stock market data Kumar (2009) and KPS (2011) find this 

lottery-preference to be more pronounced in gambling-tolerant areas. 



 

5 

 

To test these hypotheses, we make use of a large dataset of US public companies and 

investigate their research and development (R&D) expenditures as innovative inputs and patents 

and citations as innovative outputs. Since direct measures of people’s gambling preferences are 

hard to find in sufficient detail over time, we follow the previous literature and examine the 

heterogeneity in gambling preferences of firms’ local communities induced by their religious 

beliefs. Specifically, we follow Kumar (2009), KPS (2011), and Schneider and Spalt (2015) and 

consider the ratio of Catholics-to-Protestants (CPRatio) in the county of a firm’s headquarters as 

a measure of local gambling preferences. There is ample justification for choosing this variable 

as a proxy for local gambling preferences. Protestant philosophy strongly condemns any kind of 

gambling, whereas Catholic philosophy is somewhat tolerant of gambling.2 This difference in 

religious teaching is also reflected in practice. For example, at least two surveys conducted in 

1963 and 2007 in the US find that Catholics are more tolerant of gambling than Protestants.3 In 

fact, Catholic churches even use bingo and lotto for fundraising.  

Numerous studies find that Catholics and Jews tend to be more active participants in 

lotteries compared to Protestants and Mormons (see, e.g., Tec (1964), Edmondson (1986), and 

Grichting (1986)). In a survey, Diaz (2000) finds that Catholics are more likely to “gamble 

daily”, and bet larger amounts of money than those affiliated to other religions. KPS (2011) find 

                                                 
2 The following excerpt from the online version of 1913 Catholic Encyclopedia 

(http://www.newadvent.org/cathen/06375b.htm) conveys the view of the Catholic Church on gambling: 

“On certain conditions, and apart from excess or scandal, it is not sinful to stake money on the issue of a 

game of chance any more than it is sinful to insure one's property against risk, or deal in futures on the 

produce market.” On the other hand, the following excerpt from the United Methodist Church’s 2012 Book 

of Resolutions (http://www.umc.org/what-we-believe/gambling) provides the view of typical Protestant 

Churches on gambling: “Gambling is a menace to society, deadly to the best interests of moral, social, 

economic, and spiritual life, and destructive of good government. As an act of faith and concern, Christians 

should abstain from gambling ....” 
3 See the 1963 Survey of Northern California Church Bodies (Question: How do you feel about gambling?), 

and the 2007 Baylor Religion Survey, Wave II (Question 12b: By your best guess, how would your current 

place of worship feel about gambling?). See http://www.thearda.com. 
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that U.S. states with higher CPRatios are more likely to legalize state lotteries and adopt them 

earlier. Many recent studies in financial economics have employed the relative proportions of 

Catholics and Protestants in a county as a proxy for local gambling preferences in a variety of 

contexts. Kumar (2009) finds that individual investors in predominantly Catholic (Protestant) 

locations invest more (less) in lottery-type stocks. Moreover, KPS (2011) find that even 

institutional investors, who generally avoid high-risk stocks, hold disproportionately higher 

levels of lottery-type stocks if they are located in counties with relatively greater concentrations 

of Catholics. In a corporate finance setting, Schneider and Spalt (2015) find that acquiring firms 

in high CPRatio areas tend to buy firms whose stocks have lottery-like features such as higher 

idiosyncratic volatility and idiosyncratic skewness. Similarly, Shu, Sulaeman and Yeung (2012) 

find that mutual funds located in low-Protestant or high-Catholic areas take more risks. 

Following previous studies, we assume a local ‘contagion’ effect, i.e., the dominant 

religion in an area affects local culture and systematically influences the behavior of local 

residents even if they do not personally adhere to that belief system.  We follow the previous 

literature and consider a firm’s location as the location of its headquarters.4 This approach seems 

reasonable because of two reasons. First, as Pirinsky and Wang (2006) note, a firm’s 

headquarters are usually close to its core business activities. Second, major capital budgeting 

decisions, such as those involving the level and type of spending on R&D, usually require 

headquarters approval. 

We focus our analysis on one country, the United States, for two reasons. The first reason 

is similar to Hilary and Hui (2009). Although there is probably more variation in CPRatio across 

countries, the heterogeneity of a cross-country sample increases the risk of confounding effects 

                                                 
4 See, e.g., Coval and Moskowitz (1999), Loughran and Schultz (2005), Pirinsky and Wang (2006), Hilary 

and Hui (2009), and Becker, Ivković and Weisbenner (2011). 
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of variables such as legal environment and economic structure, which are difficult to separate 

from religion.5 Second, the U.S. is one of the most innovative countries and has substantial 

geographic variation in religious composition and innovative activities. Consequently, it serves 

as a great setting for testing our hypotheses. 

We find that firms headquartered in counties with higher Catholic-to-Protestant ratios are 

more innovative, i.e. they spend more on R&D and generate more and better quality patents. 

Figure 1 previews a part of our main findings. Panel A to Panel D show increasing averages of 

R&D to assets ratio, patent counts, technology class-adjusted citations, and citations per patent, 

respectively, over increasing CPRatio quintiles. All of these suggestive depictions are later 

confirmed by more rigorous analysis and stand up to numerous robustness tests. Moreover, these 

effects are larger for firms in more innovative industries. Exploring further, we find that 

investment in R&D makes stock return distributions more lottery-like, making them more 

attractive to managers and investors with a taste for gambling. Underscoring the role of local 

investors’ gambling preference, we find that the sensitivity of the level of R&D expenditures to 

local gambling preferences is higher among firms for which local investors are likely to be 

economically more important. In the smaller Execucomp subsample for which we also have data 

on CEO pay, we find that managers’ gambling preferences also appear to matter for innovation. 

Consistent with our hypothesis that local gambling preferences induce a corporate culture of 

failure tolerance, which can lead to riskier exploratory research, we find that the productivity of 

R&D expenditures in producing innovation output is lower and the variance of patent quality is 

higher for firms in high CPRatio areas. As additional support for our main hypotheses, we find 

that these firms hold more cash, partly to fund R&D. Finally, firms in more gambling-tolerant 

                                                 
5 For example, Italy has more Catholics, but fewer patents, than UK. But Italy also has weaker protection 

of properties rights than the UK. 
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areas appear to be more adept at transforming industry growth opportunities into firm value as 

measured by Tobin’s Q. 

Our proxy for local gambling preferences, CPRatio, likely contains a measurement error 

because differences in religious adherence can have other implications in addition to differences 

in gambling preferences. To the extent that this measurement error is uncorrelated with the error 

term in the regression, it only leads to regression attenuation, and biases us against finding 

significant results in support of our hypotheses. A more concerning issue is whether our results 

are caused by a possible correlation of the measurement error in CPRatio with an important 

omitted variable. Identification concerns may also arise about other potentially omitted variables 

and potential self-selection by innovative firms into areas with relatively large Catholic 

populations. While identification concerns are generally difficult to completely rule out, we take 

numerous steps to mitigate them.  

First, we develop our research question as a natural off-shoot of previous studies of 

gambling preferences in financial economics, which employ CPRatio as a measure of gambling 

preferences. We follow these closely-related studies to mitigate the concern about spurious 

correlation caused by omitted variables, and in our regressions control for a number of county-

level characteristics such as population, proximity to larger cities, and demographic 

compositions, in addition to several firm-level determinants of innovation. Moreover, we control 

for non-gambling implications of local religious compositions that may be related to innovation. 

We first consider some socio-demographic differences among religious groups.6 Hispanics tend 

to be disproportionally Catholic, so we control for the fraction of Hispanic population in a 

                                                 
6 In various surveys available on American Religious Data Archive’s (ARDA) website 

(http://thearda.com/mawizard/), we did not find much difference between Catholics and Protestants in their 

views on some issues which may be important for growth and innovation, such as compatibility of science 

and religion and roles of husbands and wives. 

http://thearda.com/mawizard/
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county. Catholics tend to have higher birth rates, which we control for by including counties’ 

population growth rates and age composition. We also control for potential differences in 

political ideologies across religious groups by using the ratio of votes to Democratic and 

Republican presidential candidates in a county because Catholics are more often Democrats 

whereas Protestants tend to be Republicans.7  

Next, we consider some of the historically hypothesized differences between these 

groups. For example, Barro and McCleary (2006, pp 51) summarize Weber’s (1930) view on the 

influence of Protestantism that greater religiosity could spur investment and economic growth 

“by fostering traits such as work ethic, honesty (and hence trust), thrift, charity, and hospitality to 

strangers”. We employ several proxies to control for potential differences in these traits. For 

instance, places that are hospitable to strangers likely attract more immigrants. So we control for 

the 10-year growth in the share of foreign-born population, available at the state level. To 

account for differences in thrift, we control for an estimate of state-level personal savings. We 

control for the level of accrual-based earnings management to account for differences in trust of 

the capital market, which can influence the cost of capital (see, Beyer, Cohen, Lys, and Walther 

(2010)) and hence innovation. Becker and Woessmann (2009) challenge Weber (1930) and show 

that differences in economic growth between Catholic and Protestant areas are not due to 

differences in their work ethic, but differences in their human capital acquired through better 

education. So we also control for the fraction of college graduates in the county.  

Second, we check the robustness of our main specifications by replacing CPRatio with 

two more direct proxies of local gambling culture based on state laws on various types of 

gambling, and per capita state lottery ticket sales. These alternative proxies yield results similar 

                                                 
7 Source: Gallup Polls (http://www.gallup.com/poll/11911/protestant-catholic-vote.aspx). 
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to our baseline results, especially in relevant subsamples, thus alleviating the concern that a 

potential bias in CPRatio may be driving the results.8 Third, we tackle identification issues by 1) 

ruling out some underlying economic stories about endogeneity, and 2) employing two-stage 

least squares regressions and propensity score matching methods. Fourth, to mitigate the 

possibility of a spurious correlation due to firm and county fixed characteristics, we analyze the 

effect on R&D of 1) firms relocation decisions, 2) large changes in CPRatio within a county over 

time, and 3) an immigration law that caused plausibly exogenous variation in counties’ religious 

compositions. Finally, we test several secondary implications of our main hypotheses, which 

serve to sharpen identification by narrowing the set of alternative stories that can consistently 

explain all of our empirical results. While our evidence suggests that the difference in gambling 

attitudes among these religious groups is a channel that leads to differences in corporate 

innovation, we do not claim that this is the only channel. 

Our paper differs in several important ways from other concurrent studies that examine 

similar issues (e.g., Chen et. al. (2014), Schneider and Spalt (2015)). We directly test the link 

between investment in innovation and a stock's lottery-likeness, attempt to explicitly identify the 

role of investors’ and managers’ preference as channels through which local gambling preference 

affects innovation, test several secondary implications that raise the bar for alternative stories, 

examine implications of gambling preference for firm valuation, and do more extensive checks 

for identification and robustness of our main results. 

Our work contributes to the literatures on religion and finance, corporate innovation, and 

the influence of local demographics on financial decisions. First, this work builds on the growing 

                                                 
8 We do not use these variables as our main proxies for local gambling preferences because, as discussed 

in section 2.3.3 on identification tests, one of them has limited cross-sectional variation and no time-series 

variation, and the other one is not a general proxy for gambling preferences. 
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literature on religion-induced behavioral differences and their impact on firms and financial 

markets. Our paper extends the work of Kumar (2009) and KPS (2011) who find that investors 

prefer lottery-like stocks if they live in a Catholic county. We analyze an implication of this 

finding on corporate behavior, in particular corporate policies relating to innovation, an arena 

where gambling preferences can play a key role. Our paper is also related to Hilary and Hui 

(2009), who find that firms headquartered in counties with higher proportions of religious 

residents take significantly lower risk. While Hilary and Hui examine the effects of a 

community’s risk-aversion as measured by its religiosity (i.e., whether they are religious or not), 

we analyze the effects of its gambling preference as measured by the ratio of Catholics-to-

Protestants. Gambling preference is a more appropriate metric for our analysis because it has 

stronger theoretical relation to innovative endeavors, which tend to have highly-skewed payoff 

distributions. We examine R&D expenditures as innovation inputs, and patents and citations as 

innovation outputs. Second, the paper makes a unique contribution to the growing literature on 

finance and innovation. Most existing papers on firm innovation appeal to rationality and are 

based on factors such as a firm’s industry, economic environment and managerial incentives9. To 

our knowledge, the only papers that identify a behavioral determinant of innovation are Galasso 

and Simcoe (2011) and HLT (2012), who find a positive effect of CEO overconfidence on 

innovation. We extend this literature by examining local residents’ gambling preferences as 

another behavioral trait that can influence corporate innovation. Finally, this paper contributes to 

a new and growing area of research that examines the effect of local demographics on firm 

policies. For example, Becker, Ivković and Weisbenner (2011) examine the effect of local 

                                                 
9 See, e.g., Manso (2011), Tian and Wang (2013), Aghion, et al. (2005), Nanda and Rhodes-Kropf (2011)), 

Atanassov (2013)), Fang, Tian, and Tice (2013)), He and Tian (2013), Hsu, Tian and Xu (2013), Bena and 

Li (2013)) and Balkin, Markman and Gomez-Mejia (2000). 
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elderly population on corporate dividend policies, and Cohen, Gurun and Malloy (2012) analyze 

the effect of local diaspora on firms’ foreign trade. 

2.2 Data and summary statistics 

Our sample period starts in 1980 and ends in 2006, which is the last year for which data 

on patents and citations matched to companies is available. For our analysis, we combine data 

from numerous sources. Data on company financials and stock returns, firm headquarters etc. 

come from Compustat and CRSP databases. We exclude companies in the financial (2-digit SIC 

codes 60 to 69) and public utility (2-digit SIC code 49) industries because they are highly 

regulated. Most of our analyses use an unbalanced panel of 32, 424 firm-years that contain 3,934 

unique firms during our 27-year sample period across 566 US counties. The numbers of 

observations vary somewhat across the tables based on data availability. 

We obtain county-level religion data from the Churches and Church Membership files of 

the American Religion Data Archive (ARDA) website, which contains decennial data on county-

level religion statistics on 133 Judeo-Christian bodies. For our analysis, we use the datasets for 

1980, 1990, 2000, and 2010. We obtain county-level data on demographic and economic 

characteristics (such as population, age, sex, race, education, income and the proportion of 

married couples) from the U.S. Census Bureau, and data for estimating personal savings from the 

Bureau of Economic Analysis.10 Following the previous literature (Alesina and La Ferrara 

(2000), Hilary and Hui (2009), and KPS (2011)), we linearly interpolate the data to obtain 

estimates for the intermediate years. 

                                                 
10 We estimate personal savings by subtracting consumption from income, both in 1997 because 

consumption data is available at state level since 1997. We follow KPS (2011) who find that the education 

measure and income are highly correlated (correlation = .82) and do not include income in our regressions.  
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Our main source of data for patents and citations is the 2006 edition of the NBER patent 

database. We supplement the NBER data with another database put together by Kogan, et al. 

(2012), which we obtain from Noah Stoffman’s website (http://kelley.iu.edu/nstoffma/). The 

latter database covers patent application data until 2010, so it largely solves the issue of a 

mechanical decline in the number of patent applications toward the end of our sample period 

(because patent applications are recorded only if granted). Our sample includes all Compustat 

firms that operate in the same four-digit SIC industries as those in the patent database, so it is not 

limited to firm years with patents. 

Following the previous literature (see e.g., HLT (2012), and He and Tian (2013)), we 

construct one measure of a firm’s innovation input and three measures of innovation outcomes. 

The measure of innovation input is R&D scaled by book assets. The first measure of innovation 

output, which represents the quantity of innovation, is the number of patents applied for in a 

given year that are eventually granted. Our second measure of innovation outcome, which 

measures innovation quality, is the sum of the number of technology class-adjusted citations 

received during our sample period on all patents filed (and eventually received) by a firm in a 

given year. The adjustment is done by scaling each patent’s citation count by the average citation 

count of all patents filed (and eventually granted) in the same technology class in a given year. 

This measure of innovation quality takes into account the non-uniform propensity for patents in 

different technology classes to cite other patents. To correct for the truncation problem in citation 

counts (as older patents are more likely to receive more citations), we follow the previous 

literature and multiply the raw citation count by the weighting index provided by Hall, Jaffe and 

Trajtenberg (2001, 2005). Our third measure of innovation outcome, which also measures 

innovation quality, is the number of citations per patent, which is calculated as the total number 
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of citations received during our sample period on all patents filed (and eventually received) by a 

firm in a given year, scaled by the number of the patents filed (and eventually received) by the 

firm during the year. To save space, we present the analysis of this measure in section 3.2 of the 

Internet Appendix (Chapter 3). Due to the right-skewness of patent and citation proxies, in our 

main regression analyses, we follow the previous literature and use the natural logarithm of one 

plus the number of patents applied in a given year (LnPatent), the log of one plus the number of 

technology-class adjusted citations (LnTechAdjCites), and log of one plus the number of 

truncation-adjusted citations per patent (LnCitePerPat). Following prior work, we set these 

variables to zero for firm-years without data available in the NBER database but realize that 

some of the zero values might be due to match failure rather than true absence of patents.  

2.2.1 Measuring gambling preferences 

We follow KPS (2011) and consider the ratio of Catholic adherents to Protestant 

adherents (CPRatio) in a county as a proxy for its residents’ gambling attitudes. The introduction 

contains a detailed discussion of the rationale for using this ratio as a measure of local gambling 

preference. Our regressions employ the natural logarithm of one plus this ratio (LnCPRatio) as 

the main explanatory variable of interest. This log measure is less skewed than the raw CPRatio 

variable and parallels our patents and citations variables.11 

Following the previous literature on innovation, all our regressions include industry and 

year fixed effects and control for a number of firm characteristics that are related to a firm’s 

innovation input and output. We control for measures of firm size (sales), leverage, growth 

opportunities (Tobin’s Q), performance (ROA), capital intensity (the ratio of net property plant 

and equipment to the number of employees), institutional ownership, analyst coverage, financial 

                                                 
11 As shown in robustness checks in the Internet appendix (Chapter 3), our results are essentially unchanged 

if we replace LnCPRatio by C/(C+P). The two variables are highly correlated (Pearson correlation = 0.97).   
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constrains (Kaplan and Zingales’ KZ Index), industry concentration (Herfindahl-Hirschman 

index based on sales), and positive discretionary accruals that can be important predictors of a 

firm’s investment in innovation (see, e.g., Coles, Daniel, and Naveen (2006), HLT (2012), 

Aghion, Van Reenen and Zingales (2013) and He and Tian (2013)).12 All firm-specific control 

variables are lagged by one year in all the regressions. The only exception is that in the 

regressions of patents and citations as dependent variables, we include the average of the first 

and second lags of R&D to assets ratio as a control. Our choice of this lag structure is based on 

prior evidence that the average lead time between investment in R&D and patent applications is 

between one and two years.13 In addition to the firm-specific variables, we also control for a 

number of contemporaneous county-level variables in all our regressions that can be important 

for innovation and, as discussed in section 2.1, capture other differences among religious groups. 

In particular, we control for county population, population growth, age structure, degree of 

urbanization, education (fraction of college graduates), Hispanic population, male to female 

ratio, an estimate of personal savings, inflow of immigrants, fraction of married households, ratio 

of votes to Democrats and Republicans and overall religiosity.  Table 3.1 in the Internet 

appendix (Chapter 3) defines all the variables that appear in our regressions. 

Our county-level summary statistics, presented in Table 3.2, panel A in the Internet 

appendix (Chapter 3), are generally comparable to those in KPS (2011, Table 1, panel B). Table 

2.1 shows summary statistics of our main variables of interest at the firm-year level, which we 

use later to infer the economic significance of our regression estimates. The mean and median 

                                                 
12 In section 2.5, the results are similar when we control for executive pay-related variables for the S&P 

1500 subset of our sample after 1993, for which such data is available from Execucomp.  
13 Pakes and Griliches (1980) find this lag to be 1.6 years on average. Data from Rapoport (1971) and 

Wagner (1968) also suggest this lag to be between one and two years for most industries. Our results do 

not change if we replace the average with the first lag or the second lag. 
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values of CPRatio (LnCPRatio) are 1.933 (0.916) and 1.420 (0.876), respectively. On average, a 

firm applied for about 9.2 patents per year which were eventually granted and received 7.7 

technology-class adjusted citations and 5.0 citations per patent. A firm spent an average of 4.4% 

of its assets on R&D. The median numbers of patents, technology class-adjusted citations and 

citations per patent are all zero. The average annual idiosyncratic standard deviation of stock 

returns is 0.034 and idiosyncratic skewness (i.e., the skewness of the residuals from a regression 

of daily stock returns on market returns and squared market returns) is 0.53. Following the KPS 

(2011) definition, we classify about 27.2% of the stocks as lottery stocks (i.e., stocks with above-

median idiosyncratic volatility and above-median idiosyncratic skewness). The distributions of 

other variables are reported in the Internet appendix (Chapter 3). 

2.3 Analysis and discussion 

We present pairwise correlations among the key variables of interest in section 3.1 of the 

Internet appendix (Chapter 3). Sections 2.3.1, 2.3.2 and 2.3.3 present the results from tests of our 

main hypotheses, robustness and identification, respectively. 

2.3.1 R&D, patents, & citations  

We estimate the following regression model to examine how local gambling preferences 

affect firms’ innovation input and outcomes: 

(R&D/Assets)i,j,k,t or LnPatenti,j,k,t or LnTechAdjCitesi,j,k,t or LnCitePerPati,j,k,t = α + 

βLnCPRatiok,t + γFirmLevelControlsi,t-1 + δCountyLevelControlsk,t + Yeart + Industryj + εi,j,k,t 

where i, j, k and t are indices of firm, industry (2-digit SIC code), county and year. The 

dependent variables are innovation inputs and outcomes. (R&D/Assets)i,j,k,t is a measure of 

innovation input. LnPatent is the natural logarithm of one plus the number of patents applied for 

and eventually granted by firm i in year t. Similarly, LnTechAdjCites is the natural logarithm of 
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technology class-adjusted citations, and LnCitePerPat is the natural logarithm of one plus 

adjusted citations per patent. Our main explanatory variable of interest LnCPRatio, is the natural 

logarithm of one plus the Catholic to Protestant ratio in year t in county k of the firm’s 

headquarters. FirmLevelControls is a vector that includes several firm characteristics found by 

the prior literature to affect a firm’s innovation activity, discussed in section 2.2. 

CountyLevelControls includes county-level variables that have been identified by prior studies to 

affect individual and firm decisions in the county and might also be correlated with other 

differences between the religious groups, as discussed in sections 2.1 and 2.2.  

2.3.1.1 Innovation input: R&D expenditures 

We examine whether firms in counties with higher CPRatios invest more in R&D which 

is an essential input for generating patents and citations. Table 2.2 shows the estimated 

coefficients from OLS regressions of R&D expenditures. All regressions include year and 

industry dummies, where industry is defined based on 2-digit SIC codes. Intercepts are estimated 

but not tabulated. All continuous variables are winsorized at 1% in both tails. Because CPRatio 

is measured at the county level, we follow Shu, Sulaeman and Yeung (2012) and report two-way 

clustered standard errors, where applicable, by county × year and by firm and corrected for 

heteroscedasticity.  

We start with a parsimonious model where the only explanatory variables included are 

our main variable of interest, LnCPRatio, along with year and industry dummies in column 1. 

We find that, consistent with our hypothesis, this model yields a positive and significant 

coefficient (at the 1% level) of 0.011 on LnCPRatio, suggesting that gambling preferences of a 

county’s residents positively predict R&D expenditures of firms headquartered in the county. 

Next, as shown in column 2, we control for several firm-specific variables discussed in section 
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2.2. The point estimate on LnCPRatio decreases, but remains statistically significant at the 5% 

level. Finally, in column 3 we add several county-specific variables discussed in sections 2.1 and 

2.2 that are likely to be correlated with our proxy for gambling preference and might also 

influence innovation decisions of local firms. The estimated coefficient on LnCPRatio in this 

regression with the full set of control variables is much larger than that obtained from the model 

without county-level controls, and is statistically significant at the 1% level. So, even after 

controlling for firm-specific as well as country-level variables, local gambling culture 

significantly predicts R&D expenditures of a firm. In economic terms, the point estimate of 

0.006 on LnCPRatio suggests that moving from a firm in the 25th percentile of LnCPRatio to a 

firm in the 75th percentile increases R&D/Assets by 0.007 (=0.006*(1.337-0.449)). This estimate 

is economically significant because it represents a 12% increase over the unconditional mean of 

0.044 for R&D/Assets. We compare the magnitude of this effect to that of a firm's growth 

opportunities, as measured by lagged Tobin's Q, which have been shown to be an important 

determinant of its R&D spending (see, e.g., Coles, Daniel and Naveen (2006)). Calculated 

similarly, the effect of lagged Q on R&D/Assets is about 16% which is slightly higher than effect 

of LnCPRatio. 

Control variables take the expected signs. Firms with higher investment opportunities 

(Tobin’ Q), higher excess cash savings,  low but growing sales and low past profitability spend 

more on R&D. Highly levered firms, and firms with higher institutional ownership spend less on 

R&D, both consistent with the findings of HLT (2012). Firms with positive discretionary current 

accruals have lower R&D perhaps because of financing difficulties due to investors’ lack of 

trust. Among county-level variables, the male-to-female ratio and the percentage of college 

graduates in a county positively predicts R&D expenditures of local firms. Population growth, 
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the fraction of Hispanic population, per capita savings rate, and the number of religious 

adherents per 1000 people are negatively related to R&D expenditures, the latter being consistent 

with Hilary and Hui (2009). 

Next we proceed to test our second hypothesis that that the influence of gambling 

preference on innovation input should be higher in firms in innovative industries. Such firms 

likely have greater past success in innovation, which attracts gamble-lovers, and likely face 

lower adjustment costs to cater to a gambling preference. We follow HLT (2012) and perform 

our analysis on samples split into innovative and non-innovative industries. We consider an 

industry, defined by its 4-digit SIC code for this purpose, to be innovative if its citations per 

patent exceed the median value across all industries14. Consistent with our hypothesis, firms in 

innovative industries (column 4), LnCPRatio has a coefficient estimate of 0.012 which is 

statistically significant at the 1% level. In non-innovative industries (column 5), the coefficient 

estimate on LnCPRatio is a much lower 0.001, statistically insignificant at conventional levels. 

In addition, this coefficient in the innovative industries subsample is also statistically different 

from that in the subsample of non-innovative industries (p<.01).  

2.3.1.2 Innovation outputs: patents and citations 

In this section we examine the quantity and quality of a firm’s innovation output as 

measured by patents and citations. Table 2.3 presents our first set of regressions of patents and 

citations. Our main variables of interest are the natural logarithm of successful patent 

applications (LnPatent), and the natural logarithm of technology class adjusted citations 

                                                 
14 This definition follows HLT and is based on prior evidence that citations per patent, compared to raw 

number of patents, are better indicators of innovativeness, as evidenced by their impact on firm value (Hall, 

Jaffe and Trajtenberg’s (2005)). We define industry using 4-digit SIC codes here because they provide a 

sharper contrast in innovative activities across industries than 2-digit SIC codes. The results are similar if 

we define industry innovativeness based on the level of patenting by an industry. 
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(LnTechAdjCites). Similar analysis of citations per patent, LnCitePerPat, is presented in section 

3.4 of the Internet appendix (Chapter 3).  

Similar to the analysis of R&D, in unreported tests we run the regressions of LnPatent, 

LnTechAdjCites only on  LnCPRatio and 1) and industry and year fixed effects, and 2) all firm 

level controls, and find that LnCPRatio obtains a positive and significant coefficients in these 

parsimonious specifications. In column 1 (column 4), we report the regressions of LnPatent 

(LnTechAdjCites) with all firm- and county-level controls. The estimated coefficient on 

LnCPRatio in this model, which includes the full set of controls (untabulated), indicates that 

firms located in counties with higher concentrations of Catholics relative to Protestants tend to 

apply for and receive larger numbers of patents (citations). In terms of economic significance, 

the point estimate of 0.143 (0.156) suggests that moving from a county at the 25th percentile to 

the 75th percentile of LnCPRatio increases LnPatent (LnTechAdjCites) by 0.127 (0.139). This 

represents an increase of about 17% (24%) compared to the unconditional mean value of 0.728 

(0.574) for LnPatent (LnTechAdjCites). Once again, we compare the size of this effect to that of 

the firm's growth opportunities, measured by lagged Tobin's Q, which are an important 

determinant of a firm’s innovation output (see, e.g., He and Tian (2013) and HLT (2012)). 

Computed similarly, the effect of lagged Q on LnPatent (LnTechAdjCites) is 9% (11%).  

We repeat this analysis with the full set of controls in sub-samples partitioned by industry 

innovativeness in columns 2, 3 (for LnPatent), and 5, 6 (for LnTechAdjCites). Among innovative 

industries, the regression of LnPatent (LnTechAdjCites) obtains a coefficient of 0.196 (0.237) on 

LnCPRatio which is statistically significant at the 1% (1%) level. In the sample of non-

innovative industries, LnCPRatio obtains a much smaller coefficient of 0.089 (0.065), which is 

significant at the 5% (5%) level. A formal test rejects the null hypothesis of equality of these two 
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coefficients at 5% (1%) level of significance. These results support our hypothesis and suggest 

that the effect of LnCPRatio on a firm’s innovation output is larger in innovative industries.  

Higher innovation output by firms in more gambling-tolerant areas could come from 

either greater R&D expenditure or greater efficiency or riskier but more promising R&D 

spending. In Table 2.3, the coefficient on LnCPRatio remains positive and highly statistically 

significant even after controlling for the intensity of R&D, measured as (R&D/Assets)12. So 

while firms in higher CPRatio areas spend more on R&D (see Table 2.2), and past R&D 

expenditures strongly predict patents and citations, LnCPRatio has incremental explanatory 

power over R&D expenditure in predicting patents and citations. As reported in the Internet 

appendix (Chapter 3), using a reasonable functional form, we find that high CPRatio firms are 

less efficient at generating patents per dollar of R&D spending. Also, the patents they obtain 

have higher variance in quality, as measured by citations. Together, these findings suggest that 

firms in more gambling-tolerant areas achieve higher innovation output not only from higher 

R&D spending, but also from investment in riskier, more exploratory research with a greater “R” 

component of R&D than the safer “D” component. This conclusion is similar to HLT’s 

reasoning about overconfident CEOs. This possibility leads us to probe deeper into the incentives 

of firms to invest more in R&D, which we do in section 2.4 below. But before that, we examine 

the robustness of our results so far and conduct numerous tests addressing identification 

concerns. 

2.3.2 Robustness checks 

Section 3.3 of the Internet appendix (Chapter 3) provides robustness checks on our main results. 

In sum, our main results appear robust to alternate empirical measures and specifications. 
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2.3.3 Identification tests 

Section 2.3.3.1 examines whether our main results in section 2.3.1 survive tests aimed at 

mitigating a variety of endogeneity concerns. We do this by investigating alternative 

interpretations of our main empirical results and employing several econometric techniques. 

Panel A of Table 2.4 summarize these results. To save space, we do not tabulate the robustness 

checks on subsamples partitioned by industry innovativeness, but note that the results are 

generally stronger in the subsample of innovative industries. We then examine the effects of 

large changes in a county’s religious composition in section 2.3.3.2. Panel B in Table 2.4 

summarizes these results. In addition, section 3.6 of the Internet appendix (Chapter 3) provides 

evidence from relocations of corporate headquarters and section 3.7 examines the effect on 

innovation of a plausibly exogenous variation in CPRatio induced by the immigration law of 

1965. 

2.3.3.1 Identification of the main results  

2.3.3.1.1 Alternative gambling proxies 

 To address the possibility that a bias in our main proxy for gambling preference, 

LnCPRatio, is driving our results, we examine two alternate measures of local gambling 

preferences instead of LnCPRatio. First, we gather information on whether each of six types of 

gambling (charitable, pari-mutuel, state lottery, commercial, tribal and racetrack) is currently 

legal in each of the 50 U.S. states15. We omit charitable gambling, since its purpose is fund-

raising for charities rather than gambling for personal gain, and state lottery because almost all of 

the sample firm-years belong to states where lottery is currently legal, so there is no variation in 

that measure (later in this sub-section, we consider annual state-level lottery sales, which does 

                                                 
15 See the Wikipedia article, Gambling in the United States, 

http://en.wikipedia.org/wiki/Gambling_in_the_United_States 
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have significant variation). Using the remaining four types of gambling, we construct an index of 

a state’s gambling culture by counting the number of types of gambling allowed in the state. This 

index takes a value of 0 to 4 for a state. This is a time-invariant measure of a state’s gambling 

culture and has a highly significant Pearson correlation coefficient of 0.44 with LnCPRatio, 

consistent with our interpretation of LnCPRatio as a measure of local gambling preferences. We 

then replace LnCPRatio by this gambling index in the regressions of Tables 2.2 and 2.3. Row 

(1a) of Table 2.4, panel A shows that this index positively and significantly explains 

R&D/Assets, LnPatent and LnTechAdjCites. We do not use this gambling index in our main 

analysis because it has limited variation (0 to 4), is available only at the state-level and is time-

invariant, while LnCPRatio is a continuous variable, is measured at the finer country-level and 

varies over time. 

A potential alternate proxy for local gambling preferences may be aggregate expenditures 

on different types of gambling at a finer geographical level (such as counties or cities) over time. 

However, to our knowledge, there is no reliable source of such data, except for annual state-level 

lottery sales. We obtain this data from 1982 to 2006 for each U.S. state where lotteries are legal 

from LaFleur's 2011 Historical Sales Report. While a state’s per capita lottery sales has greater 

time-series variation than LnCPRatio, it is a weaker proxy for the state’s overall gambling 

culture. Empirical evidence shows almost unanimously that most of the spending on state 

lotteries comes from poorer and less-educated individuals (see, e.g., Blalock, Just and Simon 

(2007), Kumar (2009), and the references therein). So state-level lottery sales are likely to 

measure the gambling preferences of only poorer demographics. Accordingly, we partition our 

sample into firm years with below- and above-median state real per capita income. When we 

repeat our main analysis on the poorer state-years by replacing LnCPRatio by the natural log of 



 

24 

 

per capita state lottery sales, the latter variable positively and significantly predicts each of our 

innovation input and output variables, as shown in row (1b) of panel A.16 

Since CPRatio is a noisy proxy for gambling preference, one way to arrive at a better 

estimate of economic magnitude of gambling preference is by instrumenting the direct gambling 

proxy with LnCPRatio, which we do in row (1c) in Panel A.17 The first stage regression shows 

that LnCPRatio predicts our gambling index with a very high level of economic and statistical 

significance even after controlling for other county-level and firm-level variables. The second 

state regression shows that the predicted gambling index positively and significantly predicts all 

three measures of innovation. The economic magnitudes are comparable to those from the main 

regressions. 

2.3.3.1.2 Omitted variables 

Our baseline regressions of R&D, patents and citations control for many firm and county 

characteristics likely to be important for innovation. In addition, we conduct several robustness 

tests aimed at further mitigating a bias coming from potential omitted variables. We do two tests 

to examine whether our results are driven by a large number of patents generated by firms in a 

few locations or industries. These tests check for another potential source of endogeneity. Given 

large cross-sectional variation in R&D expenditures, patents and citations across industries, 

location-industry matching may be a source of omitted variable bias to the extent that it is not 

adequately controlled for by county-level control variables and (linear) industry fixed effects. 

We identify the five industries (defined by 2-digit SIC codes) that generate the largest average 

                                                 
16 But do investors in poorer state-years participate enough in the stock market to influence corporate 

decisions significantly? Well, this subsample contains state-years that are poor only in a relative sense. 

Moreover, Kumar (2009) finds that poorer investors are more likely to buy lottery-type stocks to 

complement their purchases of state lottery tickets. 
17 We thank an anonymous referee for suggesting this approach. 
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number of patents during our sample period, namely transportation equipment (SIC2 = 37), 

chemicals and allied products (SIC2 = 28), petroleum refining and related industries (SIC2 = 29), 

paper and allied products (SIC2 = 26), and electronic and other electrical equipment 

manufacturers (SIC2 = 36). Despite a loss of more than 25 percent of our sample when we drop 

them, the results shown in row (2a) remain significant and are in agreement with our main 

findings. Moreover, our findings are not driven just by firms in high-tech industries. The results 

in row (2b) are similar when we omit firms in high-tech industries, as defined by Loughran and 

Ritter (2004).  

The next robustness test examines another potential source of endogeneity. The observed 

positive relation between innovative activities and LnCPRatio may be driven by common trends 

in both variables in some locations without any causal relation, if such trends are not adequately 

captured by our county-level control variables and year fixed effects. To mitigate this concern, 

we examine whether our results are driven by clustering of firms in high-tech cities which are 

also more likely to experience rapid changes in cultural and religious compositions due to 

immigration. To this end, we exclude the counties that contain the five areas with largest number 

of high-tech jobs in the U.S., located in California, Massachusetts, New York, Washington DC 

and Texas.18 These counties represent about 10% of our sample of firm-years. Our results in row 

(2c) do not materially change when we do so. Alternatively, we exclude the five U.S. states with 

the highest and lowest concentrations of Catholics relative to Protestants in our sample. These 

states comprise of Massachusetts, New Jersey, New York, New Hampshire and Rhode Island 

                                                 
18 See, Geek America: The Top 10 U.S. Cities for Technology Jobs, CIO.com, 

http://www.cio.com/special/slideshows/top_10_cities_for_tech_jobs/. Specifically, we exclude Silicon 

Valley (Santa Clara, CA, FIPS=6085; San Francisco, CA, FIPS= 06075), Suffolk county (Boston, MA, 

FIPS= 25025), New York metro area, NY (FIPS= 36061, 36047, 36081, 36005), Washington D.C. 

(FIPS=11001), and Dallas-Ft. Worth, TX area (FIPS= 48113). 
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(highest), and Tennessee, Arkansas, North Carolina, South Carolina, and Alabama (lowest). In 

row (2d), our results from each of the three regressions for R&D, patents and citations remain 

essentially unchanged. This finding implies that the observed relations are not driven by firms in 

a few locations with very large or very small concentration of Catholics compared to Protestants. 

Next, to further mitigate concerns about an unobserved omitted variables bias, we employ 

a two-stage least squares (2SLS) model using an instrumental variable for contemporaneous 

LnCPRatio. We calculate the ratio of Catholic to Protestant members in 1952 (CPRatio1952), 

the first year for which ARDA collected data on county-level religiosity. This instrument 

satisfies the relevance criterion because a county’s historical religious composition is likely 

correlated with its current religious composition because religious beliefs are generally handed 

down from older to newer generations. Moreover, since our sample starts in 1980 and ends in 

2006, this variable represents cross-sectional variation in religious composition from 28 to 54 

years ago.  This instrument satisfies the exclusion restriction assuming that any correlation 

between potential omitted variables (such as time-varying growth opportunities, competition or 

financing) and CPRatio does not persist over time. In row (2e), when we use the natural log of 

one plus CPRatio1952 (LnCPRatio1952) as an instrument for its contemporaneous LnCPRatio in 

a 2SLS estimation framework, our results remain both economically and statistically significant.  

This paper integrates ideas from previous research on two potentially related behavioral 

attributes, namely gambling preferences and CEO overconfidence. Therefore, a relevant question 

is how these ideas are conceptually related, and whether LnCPRatio has incremental explanatory 

power over CEO overconfidence. CEO overconfidence and lottery preferences can both affect 

innovation. Overconfidence is a behavioral bias which makes managers underestimate the 

variance or overestimate the mean of the payoff distribution, leading them to undertake high-risk 
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projects such as innovation. A preference for skewness, on the other hand, is not necessarily 

irrational and is justified under a cumulative prospect theory framework. An agent with lottery 

preferences knows the payoff distribution, but prefers the payoff with greater positive skewness. 

Since neither of the two attributes precludes the other, they can co-exist and independently 

influence innovative decisions. So we next investigate whether gambling preferences have 

incremental explanatory power over the option-based measure of CEO overconfidence. In our 

subsample of firm-years that belong to S&P 1500 during HLT’s (2012) 1993-2003 sample 

period, we construct their main measure of overconfidence based on CEO option holdings. This 

subsample is smaller than HLT’s sample because our study requires data on additional variables. 

Our choice of control variables in the R&D, patents and citations regressions largely follows 

Coles, Daniel, and Naveen (2006) and HLT (2012). We add LnCPRatio as an explanatory 

variable to each of these regressions. As shown in row (2f), despite a much smaller sample, 

LnCPRatio continues to predict R&D, patents and citations positively and significantly even 

after controlling for the options-based measure of CEO overconfidence. 

2.3.3.1.3 Self-selection 

Our final test addresses the possibility of self-selection, i.e., firms might choose their 

location based on their need to innovate, and the factors they consider for location might be 

correlated with religious composition. To deal with this issue, we employ a propensity score 

matching (PSM) analysis. We create two pooled subsamples of firms located in the highest 

tercile of CPRatio (treatment firms) and firms with the rest of the two terciles (candidate control 

firms). We then estimate a logit model to predict the probability of a firm’s choice to be located 

in an area in the highest tercile of CPRatio. The validity of a PSM analysis depends on how 

closely the treatment and control firms are matched. So, in the logit models, we use a large set of 
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explanatory variables as in Table 2.2 (for the analysis of R&D intensity), or Table 2.3 (for the 

analysis of patents and citations). They include 2-digit SIC industry and year fixed effects (and 

obviously exclude LnCPRatio). We then match each firm located in the high CPRatio counties 

with one firm in the low CPRatio counties using the nearest neighborhood, with a restrictive 

caliper. As shown by the first line of test 3 in Table 2.4, this exercise obtains us a very closely 

matched pool of treatment and control groups with no statistical difference in their average 

predicted probability of being located in a high CPRatio area. The second line reports the 

average treatment effect for the treated (ATT), which suggests that the firms located in high 

CPRatio areas on average have larger R&D expenditure, patents and citations compared to a 

very similar group of firms located in low CPRatio areas. This result suggests that our main 

results do not appear to be driven by firms’ choice to locate in high or low CPRatio areas. 

2.3.3.2 Evidence from counties with large changes in CPRatio 

As an additional attempt to mitigate potential spurious effects of fixed county 

characteristics on innovation, we next investigate whether firms located in counties that 

experience large increases (decreases) in CPRatio increase (decrease) their investment in 

innovation. Since a county’s religious composition generally changes slowly, and annual 

changes tend to be small and noisy, we estimate a regression of the change in R&D compared to 

ten years earlier on the corresponding change in CPRatio. Moreover, since the changes in 

CPRatio and R&D both could be driven by contemporaneous changes in the immigration of 

highly-skilled labor, we also include a ten-year change in the fraction of the county’s college 

graduates (CollegeGrads), and a ten-year change in the fraction of the county’s foreign-born 

population (Foreign Born Growth), as additional control variables, and estimate the following 

regression: 
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(R&D/Assets) = bo + b1 LargeCPRatio + b2 SmallCPRatio +  CollegeGrads 

+ Foreign Born Growth + 2-digit SIC industry dummies + year dummies, 

where [R&D/Assets] = [R&D/Assets]t – [R&D/Assets]t-10; and LargeCPRatio 

(SmallCPRatio) = 1, if [LnCPRatiot – LnCPRatiot-10] is in the top (bottom) quintile of the 

sample during year t, and 0 otherwise. The quintiles are formed every year, starting in 1990, ten 

years after the beginning year of our sample. The standard errors are robust to heteroskedasticity 

and clustered at the firm-level. Column 1 of Table 2.4, panel B shows that large increases in 

LnCPRatio of a county positively predict the change in local firms’ R&D expenditures; column 

(2) shows that small increases, which are mostly decreases, in LnCPRatio negatively predict 

changes in R&D. Finally, in column (4) the coefficient estimate of LargeCPRatio 

(SmallCPRatio) is 0.003 (-0.003).  The test reported in the last row shows that the difference 

between the two coefficients (b1- b2) is statistically significant (p<0.05). These results imply that, 

consistent with our baseline results, firms located in counties with large increases in CPRatio 

significantly increase their R&D spending compared to those in counties with large decreases. 

2.4 Incentive for higher R&D 

Our results so far are consistent with the hypothesis that local gambling attitudes 

motivate firms to spend more on R&D and achieve higher levels of innovation in terms of 

patents and citations. This interpretation of our empirical results hinges on the idea that R&D 

investments have gamble-like payoff distributions. So in this section we examine whether greater 

R&D investment makes a stock more lottery-like, which prior studies have found to be a 

desirable feature for investors inclined to gamble.  Kumar (2009) argues that stocks with high 

idiosyncratic volatility, high idiosyncratic skewness and low price tend to have lottery-like 

characteristics. Investors with a preference for lotteries find such stocks attractive even if they 
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offer negative expected returns, because these investors expect the extreme positive return events 

of the past to be repeated in the future.  

We begin our analysis by identifying stocks that are more likely to be viewed as lottery-

like. Motivated by Kumar (2009), we classify a stock as lottery-type if its returns exhibit above-

median idiosyncratic volatility and above-median idiosyncratic skewness in a given year. Since 

there is no reason to expect R&D expenditures to influence stock price levels per se, we follow 

KPS (2011) and do not consider price per share in identifying lottery stocks. But we do control 

for stock price levels in regressions explaining lottery stock characteristics. Idiosyncratic 

volatility is the standard deviation of the residuals obtained by regressing daily returns on a stock 

on Fama and French (1993) and Carhart’s (1997) four factors over a year. Idiosyncratic 

skewness is calculated as the skewness of the residuals obtained by regressing daily returns on a 

stock on excess market return and excess market return squared (see, Harvey and Siddique 

(2000), and Kumar (2009)).  

To capture the dynamic role of R&D expenditures in shaping stock return distributions, 

we estimate a logit model of lottery stock in column 1 of Table 2.5, after controlling for firm 

fixed effects. This fixed effect logit model examines the determinants of within-firm variability 

in the lottery-likeness of a stock. By definition, this regression only includes those firms where 

the stock switched from being non-lottery type to being lottery type, or vice-versa. Since our 

main explanatory variable of interest here is R&D expenditure, which, unlike LnCPRatio, has 

meaningful time-series variation, the firm fixed-effects model is appropriate for this analysis. 

Following Kumar (2009, Table II), we control for firm-specific variables (such as firm size, firm 

age and market-to-book ratio), variables related to asset pricing (such as market beta, SMB and 

HML) and market microstructure variables (turnover and illiquidity). We also include all county-
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level control variables. The model yields a positive coefficient of 1.153 on lagged R&D/Assets 

which is significant at the 1% level.19 This finding suggests that higher R&D expenditures 

significantly increase the probability of a stock being lottery type. 

Next, we analyze the effect of R&D expenditures on each of the two lottery factors, a 

stock’s idiosyncratic volatility or idiosyncratic skewness. To better capture the dynamics of 

R&D expenditures and idiosyncratic volatility, we estimate regressions with firm fixed effects. 

As shown in column 2 and 3 of Table 2.5, R&D expenditure obtains a significantly positive 

coefficient in regressions of idiosyncratic volatility or idiosyncratic skewness, suggesting a 

dynamic positive relation between R&D expenditures and individual lottery characteristics.  

While the relation between R&D expenditures and firm risk has been documented by 

prior research (see, e.g., Chan, Lakonishok, and Sougiannis (2001)), it was not in the context of 

corporate innovation, so it does not include the set of control variables relevant here. To our 

knowledge, we are the first to document a positive relation between R&D expenditures and 

idiosyncratic skewness, which suggests that R&D investments are high-risk endeavors that have 

positively-skewed payoff distributions. While many of these projects fail, a few can yield 

ground-breaking inventions with very large returns. 

2.5 Supporting evidence 

To improve identification, in this section we test for several secondary implications of 

our main hypotheses. These tests further support the notion that higher R&D expenditures made 

by firms located in high CPRatio areas are partly due to local residents’ preference for gambling. 

We find that: (1) The influence of local gambling preferences on R&D expenditures is stronger 

among firms for which local investors are more important, (2) The gambling preferences of 

                                                 
19 For brevity, we only tabulate the coefficient of this variable. 
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managers also appear to motivate firms to invest more in innovation activity, (3) Firms in high 

CPRatio areas tend to be relatively inefficient in generating patents from R&D dollars and obtain 

patents with higher variance in quality, and (4) Firms in higher CPRatio areas hold more cash, 

partly to invest in R&D.   

2.5.1 The role of local investors  

We find that firms located in counties with higher CPRatios invest more in R&D. We 

argue that firms do so partly because local investors in these areas value lottery-like features in 

the stock. Our findings in section 2.4 support this argument. This argument also implies that the 

relation between local gambling preferences and R&D expenditures should be more pronounced 

in firms for which local investors are economically more important. To test this hypothesis, we 

examine four indicators of such firms. First, Becker, Ivković and Weisbenner (2011) argue that 

small firms are more likely to be reliant on the local investor base. We create an indicator 

variable, SmallFirm, which equals one if the market value of the firm is less than the median 

market value of all firms in a given year, and zero otherwise. Second, we identify firms located 

in counties with fewer investment opportunities relative to local investment demand. Following 

Hong, Kubik and Stein (2008), we create a variable BE/PI which equals the aggregate book 

equity of all the public companies headquartered in a county in a given year divided by the 

aggregate personal income of all the residents in the county during the year.20 The idea is that in 

the presence of local bias, a firm is likely to get a larger share of local investment if it has to 

compete with fewer other local firms, which Hong, et al. call ‘the only-game-in-town effect’. 

This effect makes local investors economically more important to firms. Specifically, we create a 

variable, Low BE/PI, which equals one if the BE/PI associated with a firm is below the median 

                                                 
20 We proxy for a county’s per capita income by its state per capita income and multiply it by the county’s 

population. 
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BE/PI of all sample firms in a given year, and zero otherwise. Finally, given that individual 

investors are more likely to be prone to behavioral biases such as gambling preferences (see, e.g., 

Bailey, Kumar and Ng (2011)) than institutional investors, local gambling preferences should 

matter more for firms with larger fractions of individual shareholdings. Accordingly, we create a 

third variable, High Indiv Invest, an indicator variable that equals one if a firm has an above-

median fraction of individual shareholdings in a year (approximated by below-median fraction of 

13F institutional shareholdings), and zero otherwise. 

Based on these three indicators of the importance of local investors to a firm, we examine 

whether the influence of local gambling preferences on innovative endeavors (R&D 

expenditures) is driven by firms for which local investors are likely to be more important. 

Accordingly, we re-estimate our regression of R&D expenditures as in column 3 of Table 2.2, 

Panel A, after adding an indicator variable for the importance of local investors (i.e., SmallFirm 

or Low BE/PI or High Indiv Invest) and its interaction with LnCPRatio. A positive and 

significant coefficient on these interaction terms would indicate that R&D expenditure is more 

sensitive to local investors’ preference for gambling if the local investor base is more important 

for a firm. 

Table 2.6 presents these results. Column 1 shows the results of the regression using the 

first indicator variable SmallFirm and its interaction with LnCPRatio. The results support our 

hypothesis that the influence of local gambling attitudes on innovative input, i.e., R&D spending, 

should be more pronounced in smaller firms.  The point estimate of this interaction term, which 

measures the effect of gambling preferences in small firms, is 0.006 and is statistically 

significant at the 1% level, whereas it is small and insignificant among large firms with a point 

estimate of 0.003 (t-value = 1.50). The next indicator variable, Low BE/PI and its interaction 
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with LnCPRatio are introduced in column 2. Once again, we find a more significant effect of 

LnCPRatio on R&D spending among firms in Low BE/PI counties with a point estimate of 0.006 

(t = 2.00), compared to firms in high BE/PI counties which have a point estimate of 0.003 (t = 

1.50). We arrive at similar conclusions when we consider High Indiv Invest in column 3 as an 

alternative proxy of the importance of local investors. 

To recap, we find that the effect of gambling preferences on innovative input is driven by 

firms for which the local investor base is more important. In particular, smaller firms, firms in 

counties with fewer investment opportunities compared to demand, and firms with more 

individual investors tend to be more influenced by local investors’ gambling preferences. Hence, 

they spend more on R&D.  

2.5.2 The role of managers  

We find in section 2.3 that firms located in high CPRatio areas invest more in R&D. Our 

findings in sections 2.4 and 2.5.1 suggest that firms do so partly because of local investors’ 

lottery preferences. We next examine whether managers of firms in high CPRatio areas also 

display a preference for lotteries and if so, whether such preferences play a role in firms’ 

decisions to invest more in R&D. Consistent with the fact that stock options have lottery-type 

characteristics, such as a positively-skewed payoff distribution, KPS (2011) find that broad-

based employee stock option plans are more popular among firms in gambling-tolerant areas. We 

analyze the stock option holding behavior of the CEO and the top management team, particularly 

focusing on their exposure to stock volatility (Vega) generated by these holdings.  

An analysis of managers’ option holdings serves two purposes. First, Spalt’s (2013) 

calibration evidence suggests that stock options are attractive to employees with lottery 

preferences. So, after controlling for other determinants of Vega, excess Vega at least partially 
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reveals managers’ inherent lottery preferences, which can lead them to adopt corporate policies 

with positively-skewed payoffs. Second, since the value of an option increases with 

the volatility and skewness of the underlying asset (see, e.g., Boyer and Vorkink (2014)), higher 

Vega further incentivizes managers to pursue risky polices with positively-skewed payoffs, such 

as R&D. Consistent with this argument, experimental evidence from Åstebro, Mata and Santos-

Pinto (2009) shows that subjects make significantly riskier choices when the distribution of 

payoffs is positively-skewed, and Coles, Daniel and Naveen (2006) find that managers with 

higher Vega invest more in R&D. 

For the subsample of our firm-years on Execucomp, we start by examining whether stock 

option holdings of CEOs and the top management team of firms in high CPRatio areas generate 

higher sensitivity to stock volatility (Vega). We follow Core and Guay’s (2002) approach to 

compute Vega and Option Delta, which measure changes in the values of their option holdings in 

response to a 1% change in stock volatility and stock price respectively. We then estimate a 

regression that predicts Vega, where the main explanatory variable of interest is LnCPRatio. The 

control variables are from Mobbs (2013), except for variables related to directors. Additionally, 

we include HLT’s (2012) option-based CEO overconfidence measure (Holder67), and the full 

set of our county-level control variables. A simple regression model with only industry and year 

fixed effects as controls presented in column 1 of Table 2.7 shows that consistent with our 

hypothesis, LnCPRatio positively and significantly predicts the Vega of CEO option holdings. 

The coefficient estimate of LnCPRatio remains significant after controlling for CEO 

overconfidence, option Delta and a number of firm-specific and county-specific variables in 

column (2). This result implies that consistent with our hypothesis and the findings of KPS 
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(2011) about rank and file employees, CEOs of firms in more gambling-tolerant areas have 

greater exposure to stock volatility and skewness.  

We then add the CEO’s Vega as an explanatory variable in our R&D regression in 

column (3). Even after controlling for additional variables such as CEO overconfidence and 

option Delta, the coefficient on Vega is significantly positive. This result is consistent with prior 

findings (see, e.g., Coles, Daniel and Naveen (2006)), that incentives from CEOs’ option Vega 

positively predict firms’ investments in innovation. However, even after controlling for this Vega 

effect, the coefficient estimate of LnCPRatio remains significantly positive, implying that CEO’s 

Vega does not capture the entire effect of local gambling preferences. We find similar and 

stronger results in columns 4, 5 and 6 when we repeat the analysis of columns 1, 2, and 3 by 

replacing the CEO’s Vega with the average Vega of a company’s top five executives. This result 

suggests that the gambling preference of the top management team, rather than only the CEO, 

matters for innovation. While the positive coefficient on Vega represents the influence of 

managers’ preferences on innovation, the incremental effect of LnCPRatio measures the effect of 

the gambling preferences of both managers and investors.  

To summarize we find that managerial gambling preferences can affect a firm’s 

innovative endeavors in at least two ways. The first channel is the higher Vega of managers’ 

stock option holdings in high CPRatio areas, which incentivizes managers to adopt policies that 

increase stock volatility and skewness. The second channel is the inherent lottery preference of 

managers in high CPRatio areas that influences corporate innovation even after controlling for 

their Vega incentives. 
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2.5.3 Innovative efficiency and patent quality variance 

 In the Internet appendix (Chapter 3) (section 3.8), we provide two pieces of evidence that 

support gambling motive of investment in innovation. First, these firms seem to be less efficient 

in generating patents per dollar of R&D expenditure. Second, firms in high CPRatio areas invest 

in riskier exploratory research as evidenced by higher variance in the quality of patents they 

obtain.  

2.5.4 Cash holdings for R&D 

Our analysis of cash holdings is motivated by recent evidence that corporate cash 

holdings have become increasingly important as a strategic resource for innovation and R&D, 

and that the temporal increase in cash holdings is driven almost solely by R&D intensive firms 

(see Schroth and Szalay (2010), and Lyandres and Palazzo (2012)). These findings extend earlier 

evidence in Opler, Pinkowitz, Stulz, and Williamson (1999), and Bates, Kahle and Stulz (2009) 

that R&D intensive firms tend to hold more cash as the cost of financial distress is higher for 

these firms. We test an implication of these findings for our results: if firms in higher CPRatio 

areas invest more in R&D, they should hold more cash and the levels of their cash holdings 

should be partially explained by higher R&D expenditures. As discussed in section 3.9 of the 

Internet appendix (Chapter 3), our evidence suggests that firms in high CPRatio areas hold more 

cash partly to finance R&D. 

2.6 Firm valuation 

 We find in sections 2.3 and 2.5.3 that firms in more gambling-tolerant areas invest more 

in R&D, produce more and higher quality innovation output on average, but produce patents 

with larger quality variance and are less efficient at generating innovations per dollar of R&D. 

Thus, our empirical results do not do suggest a clearly positive effect of gambling preferences on 
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overall firm valuation. So we ask a more specific question: Does firm value vary more with local 

gambling preferences when innovation is critical for a firm’s success? More generally, are firms 

in areas with a greater preference for gambling more adept at transforming industry growth 

opportunities into firm value? 

Theory and empirical evidence by Manso (2011) and Tian and Wang (2013) suggest that 

innovative activities require extraordinary tolerance for failure and a strong incentive to explore 

and experiment. We motivated our thesis with the simple premise that gambling preferences of 

managers and investors, which make them underweight a large probability of losses and 

overweight a small probability of large gains, closely resemble the culture of failure-tolerance 

required for innovation to succeed. So we hypothesize that when innovation and rapid growth are 

critical for a firm’s success, gambling preferences of investors and managers should be 

especially value-relevant because the possibility of very large gains makes them more tolerant of 

failure, and such tolerance is essential for innovation. 

To test this hypothesis, we follow HLT’s (2012) framework and estimate the following 

regression: 

Tobin’s Q = bo + b1 IndGrowthOpp + b2 LnCPRatio + b3 LnCPRatio*IndGrowthOpp + firm-

level controls + county-level controls + 2-digit SIC industry dummies + year dummies, 

where Tobin’s Q is the ratio of market value of assets to book value of assets and IndGrowthOpp 

is an exogenous, industry-level measure of growth opportunities. We use two alternate measures 

of IndGrowthOpp. First, we use industry innovativeness (Innovative Ind) which equals one for 4-

digit SIC industries whose citations per patent exceed the median for all industries in a given 

year; it equals zero for other industries. Hall, Jaffe and Trajtenberg’s (2005) findings suggest that 

firms in innovative industries have greater potential for value creation through innovation.  So, 
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Innovative Ind is a cross-sectional and time-varying measure of the importance of innovation for 

firm value. Our second, broader measure of industry growth opportunities is peer firms’ average 

price-to-earnings ratio (PeerPE), which we compute as the natural log of total market value of 

equity divided by total earnings of all other firms in a firm’s 2-digit SIC industry. As HLT 

(2012) point out, PE is a noisy measure of growth opportunities because it is influenced by both 

growth potential and discount rate changes, biasing our tests against finding a significant result. 

Firm-level control variables are the same as in HLT (2012). In addition, we control for all the 

county-level variables used in our earlier analyses. 

 If firms in areas with a greater preference for gambling are more adept at transforming 

industry growth opportunities into firm value, we expect b3 to be positive. However, we do not 

have a prior on the sign on b2. Our finding that investors in more gambling-tolerant areas 

produce more and better quality innovation output implies that b2 should be positive. But our 

finding that firms in high CPRatio areas are less efficient at generating innovations per unit of 

R&D spending implies that b2 should be negative.  

Table 2.8 shows estimates of four variants of this regression. For brevity, we do not 

report estimates of the county-level control variables and the intercept. Models (1) and (3) 

include alternate measures of industry growth opportunities, without firm-level controls. The 

coefficient estimates of both measures are positive and highly significant, consistent with the 

idea that firms in industries with higher growth opportunities command higher valuations. 

Models (2) and (4) include LnCPRatio, a measure of industry growth opportunities, their 

interaction, and firm and county-level controls. The coefficient estimate of LnCPRatio is 

ambiguous: it is positive in model (2) and negative in model (4). But our main interest here is in 

the interaction term, LnCPRatio*Innovative Ind or LnCPRatio*PeerPE, which is positive and 
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highly significant in both models. This result suggests that firms in areas with greater preference 

for gambling are more successful at converting their potential growth opportunities into realized 

firm value. This finding parallels HLT’s (2012) finding that firms with overconfident CEOs are 

more adept at translating their potential growth opportunities into firm value. In summary, the 

findings in this section suggest that when innovation and growth are important for a firm’s 

success, the ‘extra push’ from gambling attitudes of investors and managers can be value-

enhancing. 

2.7 Conclusion 

Because innovation is critical for firm value and economic growth, recent academic 

research and public policy discussion have both focused on identifying factors that lead to more 

and better innovation. While most prior research investigates rational factors related to firms and 

financial markets as contributors to innovation, we examine a behavioral determinant of 

innovation. 

We find that local gambling preferences play an important role in promoting firms’ 

innovative activities. In particular, using a county’s Catholics-to-Protestants ratio as a measure of 

local gambling preference, we find that US counties with greater preferences for gambling invest 

more in R&D, produce more patents and generate more citations. The economic magnitudes of 

these effects are larger for firms in more innovative industries. Our results are consistent with the 

view that gambling preferences instill a corporate culture of tolerating failures for the possibility 

of very large gains, which leads to more spending on exploration and experimentation, and 

eventually to more innovation. These results are robust to several alternative empirical 

specifications, alternative measures of gambling preferences, and treatments of endogeneity, 

both via economic reasoning and econometric techniques. Supporting a gambling motive for 
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higher R&D expenditures, we find that R&D spending makes stocks more lottery-like by 

increasing both their idiosyncratic volatility and idiosyncratic skewness, features of stocks found 

by Kumar (2009) to be desired by investors with a preference for gambling.  

Next, we empirically confirm four secondary implications of our main hypothesis. First, 

R&D spending shows greater sensitivity to local gambling preferences in firms that are more 

reliant on local investors. Second, gambling preferences of managers also appear to matter. In 

our Execucomp subsample, we find that in high CPRatio areas, top executives create large 

personal exposures to stock volatility and skewness via higher Vega of their stock option 

holdings. Third, firms in high CPRatio areas seem to be less efficient in generating patents for a 

given level of R&D expenditures and their patent quality is more variable, findings consistent 

with the idea that these firms engage in more exploratory R&D, some of which fails. Fourth, 

firms in more gambling-tolerant areas tend to hold more cash, partly to invest in R&D. Finally, 

we find that local gambling attitudes are important for firm value when innovation and growth 

are critical for a firm’s success. 

Our findings suggest that innovative endeavors, like many other financial decisions, are 

partly a product of human behavior. Our findings are congruent with the rich literature on 

investor behavior, particularly regarding their preference for local stocks, gambling and 

skewness. However two caveats are worth noting. First, we do not claim that the influence of 

religious composition on innovation is only through differences in gambling preferences because, 

despite our extensive checks for robustness and identification, we cannot rule out the potential 

influence of other differences. However, our many different tests, in totality, pose a high hurdle 

to alternative stories, and suggest that at least part of the effect is due to local gambling 

preferences. 
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The second caveat is regarding a normative interpretation of our results. We examine one 

consequence of gambling preferences, namely firm innovation. However, we recognize that 

gambling has many other consequences on individuals and society, and do not argue that 

gambling is necessarily optimal for a society in an overall sense. But nurturing some aspects of 

gambling preference such as a tolerance for early failure, a focus on the maximum payoff and 

perhaps the ability to endure and enjoy some risk might be beneficial for innovation, which is an 

activity that is crucial for economic growth. 
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Figure 2.1: Catholics-to-Protestants ratio (CPRatio) and innovative activities  

Panels A through D show the R&D expenditure to total assets ratio, number of patent applications, technology-

adjusted citations, and citations per patent averaged within each CPRatio quintile in the county of firm headquarters. 

For each year of available data on CPRatio during our sample period (1980, 1990, and 2000), we sort firms into 

CPRatio quintiles, where quintile 1 is the lowest. Heights of the bars represent mean values within each quintile. 
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Table 2.1: Summary statistics 

The table reports summary statistics of our key variables of interest. Panel A shows county-related variables at the 

county-level for the latest year that a county appears in our sample. Panel B shows variables at the firm-year level. 

The sample consists of U.S. public companies on CRSP and Compustat, excluding financial firms (2-digit SIC codes 

60 to 69) and utilities (2-digit SIC code 49), from 1980 to 2006. All the variables used in the regression analyses are 

defined in Table 3.1 in the Internet appendix (Chapter 3). 

 Mean Std. Dev. 

25th 

percentile Median 

75th 

Percentile N 

CPRatio 1.933 1.731 0.567 1.402 2.806 32424 

LnCPRatio 0.916 0.562 0.449 0.876 1.337 32424 

R&D 48.186 322.583 0.000 0.162 8.192 32424 

R&D/Assets 0.044 0.096 0.000 0.003 0.045 32424 

Patent Applications 9.228 34.309 0.000 0.000 2.000 32424 

LnPatent 0.728 1.311 0.000 0.000 1.099 32424 

Tech Adjusted Citations 7.683 31.805 0.000 0.000 0.335 32424 

LnTechAdjCites 0.574 1.230 0.000 0.000 0.289 32424 

CitePerPat 4.989 12.191 0.000 0.000 6.170 32424 

LnCitePerPat 0.797 1.246 0.000 0.000 1.970 32424 

Lottery Stock 0.272 0.445 0.000 0.000 1.000 32013 

Idio. Volatility  0.034 0.022 0.018 0.027 0.042 32013 

Idio. Skewness 0.533 1.174 0.050 0.432 0.911 32009    
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Table 2.2: Innovative input and gambling preference 

The table reports the results of regressions of an innovation input (R&D expenditures scaled by total assets) on the 

local gambling preference proxy, LnCPRatio. All the variables are defined in Table 3.1 in the Internet appendix 

(Chapter 3). All firm-level independent variables are lagged by one year. County-level control variables are 

contemporaneous. Standard errors, shown in parentheses, are heteroscedasticity robust and double clustered at 

county× year and firm levels. *, **, and *** indicate statistical significance at the 10%, 5% and 1% levels, 

respectively. 

 (1) (2) (3) (4) (5) 

Dependent variable Full sample 

Innovative 

Industries 

Non-Innovative 

Industries 

LnCPRatio 0.011*** 0.003** 0.006*** 0.012*** 0.001    

 (0.002) (0.001) (0.002) (0.003) (0.002)    

LnSales  -0.006*** -0.006*** -0.007*** -0.006*** 

  (0.001) (0.001) (0.001) (0.001)    

Sales Growth  0.008*** 0.008*** 0.009** 0.006**  

  (0.002) (0.002) (0.004) (0.003)    

Excess Cash  0.026*** 0.021*** 0.002 0.033*** 

  (0.007) (0.007) (0.011) (0.008)    

LnFirmAge  -0.005*** -0.004*** -0.007*** -0.000    

  (0.001) (0.001) (0.002) (0.001)    

ROA  -0.217*** -0.214*** -0.219*** -0.204*** 

  (0.009) (0.008) (0.013) (0.010)    

Ln(PPE/Emp)  -0.003*** -0.003*** -0.004*** -0.003*** 

  (0.001) (0.001) (0.001) (0.001)    

Book Leverage  -0.041*** -0.040*** -0.061*** -0.023*** 

  (0.003) (0.003) (0.006) (0.004)    

Capex  0.044*** 0.046*** 0.082*** 0.034*** 

  (0.009) (0.009) (0.018) (0.009)    

Tobin's Q  0.009*** 0.008*** 0.007*** 0.009*** 

  (0.001) (0.001) (0.001) (0.001)    

KZ Index  -0.000 -0.000 0.000 -0.000    

  (0.000) (0.000) (0.000) (0.000)    

HHI  -0.019*** -0.019*** -0.023*** -0.014*** 

  (0.003) (0.003) (0.005) (0.003)    

Inst. Own  -0.005* -0.005 -0.005 -0.003    

  (0.003) (0.003) (0.005) (0.003)    

LnAnalysts  0.014*** 0.013*** 0.016*** 0.011*** 

  (0.001) (0.001) (0.001) (0.001)    

Discr. Current Accr.>0  -0.004*** -0.004*** -0.004*** -0.003*** 

  (0.001) (0.001) (0.002) (0.001)    

County Controls# No No Yes# Yes Yes 

Year/Industry FE Yes Yes Yes Yes Yes 

Observations 32424 32424 32424 12289 20135    

Adjusted R2 0.231 0.507 0.516 0.466 0.565    
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#In column (3), County Controls with their coefficients (and standard errors) are: LnPopulation 0.001 

(0.001), Pop. Growth -0.016*** (0.004), Younger -0.003 (0.002), Rural Urban Continuum -0.000 

(0.001), College Grads 0.001*** (0.000), Hispanics -0.046*** (0.009), Foreign Born Growth 0.000 

(0.000), Savings rate -0.070*** (0.017), Married Household -0.013 (0.014), Male to Female Ratio 

0.150*** (0.030), LnAdherentsPer1000 -0.017*** (0.004), Dem/Rep -0.000 (0.001) 
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Table 2.3: Innovation outcomes and gambling preference 

The table reports estimates of regressions of innovation outcomes (patents, citations per patent and technology-

adjusted citations) on the local gambling preference proxy, LnCPRatio. All the variables are defined in Table 3.1 in 

the Internet appendix (Chapter 3). All firm-level independent variables are lagged by one year except for R&D/Assets, 

which is the average of the first and second lags. County-level control variables are contemporaneous. Standard errors 

in parentheses are heteroscedasticity robust and double clustered at county× year and firm levels. *, **, and *** 

indicate statistical significance at the 10%, 5% and 1% levels, respectively.  

  

 

 (1) (2) (3) (4) (5) (6) 

Dependent 

variable 

LnPatent LnPatent 

(Innovative) 

LnPatent   

(Non-

Innovative) 

LnTechAdj- 

Cites 

LnTechAdj- 

Cites 

(Innovative) 

LnTechAdj- 

Cites (Non-

Innovative) 

LnCPRatio 0.143*** 0.196*** 0.089**  0.156*** 0.237*** 0.065**  

 (0.037) (0.047) (0.038)    (0.034) (0.048) (0.031)    

(R&D/Assets)12 1.735*** 1.883*** 1.454*** 1.314*** 1.681*** 0.701*** 

 (0.159) (0.186) (0.202)    (0.144) (0.201) (0.147)    

Firm and 

County 

Controls Yes Yes Yes Yes Yes Yes 

Year/Industry 

FE Yes Yes Yes Yes Yes Yes 

Observations 31164 12010 19154 31164 12010 19154 

Adjusted R2 0.456 0.521 0.416 0.400 0.488 0.329 
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Table 2.4: Robustness and identification tests 

Panel A of the table reports the results of several tests of robustness and identification performed on the regressions 

of R&D/Assets, LnPatent, and LnTechAdjCites. The main specification is the regression on the full sample with the 

complete set of controls, as presented in column 3 of Table 2.2, Panel A and columns 1 and 3 of Table 2.3, Panel A 

for R&D/Assets, and LnPatent, respectively. Each set of three columns is for the regressions of R&D/Assets, LnPatent 

and LnTechAdjCites respectively. Panel B reports the results of regressions of 10-year changes in R&D explained by 

large 10-year changes in LnCPRatio. LargeCPRatio (SmallCPRatio) indicates whether a 10-year change in 

LnCPRatio is in the top (bottom) quintile of the sample during the year, and College Grads (Foreign Born Growth) 

measures ten-years change in fraction of county’s college graduates (state’s foreign-born population). In both panels, 

all regressions include year and industry dummies, where industry is defined based on 2-digit SIC codes. All 

continuous variables are winsorized at 1% in both tails.  
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Panel A: Main identification tests 

Dependent Variable R&D/Assets LnPatent LnTechAdjCites 

 Coeff. S.E. N Coeff. S.E. N Coeff. S.E. N 

0 Main specification 0.006*** 0.002 32424 0.143*** 0.037 31164 0.156*** 0.034 31164 

1 Alternative proxies for gambling culture          

1a Gambling Index instead of LnCPRatio 0.002** 0.001 32424 0.050*** 0.018 31164 0.051*** 0.016 31164 

1b Per capita lottery sales in poorer state-

years 
0.005*** 0.001 11848 0.109*** 0.028 11510 0.097*** 0.024 11510 

1c Instrumenting Gambling Index with 

LnCPRatio 
               

First stage: coeff. on LnCPRatio 0.820*** 0.000 32424 0.830*** 0.000 31164 0.830*** 0.000 31164 

Second stage: coeff. on predicted Gambling 

Index 
0.007*** 0.003 32424 0.173*** 0.000 31164 0.188*** 0.000 31164 

2 Tests dealing with omitted variables          

2a Exclude 5 industries with  most patents 0.008*** 0.002 23828 0.109*** 0.037 22895 0.125*** 0.033 22895 

2b Exclude high-tech industries 0.004** 0.002 25991 0.144*** 0.043 24892 0.146*** 0.039 24892 

2c Exclude counties with 5 most high-tech 

areas 
0.004** 0.002 29311 0.172*** 0.039 28165 0.187*** 0.035 28165 

2d Exclude 5 highest and 5 lowest CPRatio 

states 
0.009*** 0.003 24371 0.191*** 0.057 23445 0.192*** 0.052 23445 

2e 2SLS - Instrument: LnCPRatio1952 0.006*** 0.002 32160 0.138*** 0.045 30908 0.132*** 0.040 30908 

2f Control for CEO overconfidence 0.009*** 0.002 5600 0.173*** 0.050 5903 0.158*** 0.051 5903 

3 Test dealing with self-selection of location 

(PSM) 
         

Average difference in propensity scores 0.001 0.011 2345 0.000 0.012 2271 0.000 0.012 2271 

Average treatment effects 0.021*** 0.004 2345 0.263*** 0.056 2271 0.262*** 0.055 2271 
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Panel B: Large temporal changes in LnCPRatio 

 (1) (2)    (3)    

 [R&D/Assets]  [R&D/Assets]  [R&D/Assets]  

LargeCPRatio 0.004**  0.003 

 (0.002)  (0.002) 

SmallCPRatio  -0.004** -0.003* 

  (0.001) (0.001) 

College Grads   -0.000 

   (0.000) 

Foreign Born Growth   0.001 

   (0.000) 

Year/ Industry FE Yes Yes Yes 

Observations 11508 11508 11467 

Adjusted R2 0.008 0.008 0.009 

F-statistic [p]: LargeCPRatio - SmallCPRatio = 0                    6.33** [0.012] 
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Table 2.5: Motivation for higher R&D expenditures 

The table reports the results of regressions where the dependent variables are 1) an indicator variable for a lottery 

stock, 2) Idiosyncratic volatility of a stock in a given year, and 3) Idiosyncratic skewness of a stock in a given year. 

All the variables are defined in Table 3.1 in the Internet appendix (Chapter 3). All independent variables at the firm-

level are lagged by one year. County-level control variables (not reported for brevity) are contemporaneous. Models 

1 is fixed effects logit model where the dependent variable is a dummy variable for a lottery stock. Model 2 and 3 are 

firm fixed effects panel regressions with idiosyncratic volatility and idiosyncratic skewness as the dependent variables 

respectively. Standard errors in parentheses are heteroscedasticity robust and clustered at firm level. *, **, and *** 

indicate statistical significance at the 10%, 5% and 1% levels, respectively. 

 (1) (2) (3) 

Dependent variable Lottery Stock Idio. Volatility Idio. Skewness 

R&D/Assets 1.153*** 0.012*** 0.770*** 

 (0.392) (0.003) (0.200)    

Firm# and County Controls Yes Yes Yes 

Year/Firm FE Yes Yes Yes 

Observations 21070 32013 32009    

Adjusted (Pseudo) R2 (0.156) 0.318 0.063    
#Firm controls are: LnPatent, LnFirmAge, LnMarketCap, Tobin's Q, Amihud Illiquidity, 

Dividend Payer, Turnover, Stock Return, Inst. Own, LnAnalysts, Price Per Share, Market 

Beta, SMB Beta, and HML Beta. 
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Table 2.6: Role of local investors 

The table reports the analysis of the effect of our local gambling preference proxy, LnCPRatio on an innovation input 

(R&D expenditure scaled by total assets). All the variables are defined in Table 3.1 in the Internet appendix (Chapter 

3). SmallFirm equals one if the market value of a firm is below the median of all firms in a given year. Low BE/PI 

equals one if the BE/PI associated with a firm is below the median BE/PI of all sample firms in a given year, and zero 

otherwise. BE/PI equals the total book equity of all public companies headquartered in a county during a year divided 

by the aggregate personal income of all residents of the county during the year. High Indiv Invest is an indicator 

variable that equals one if a firm has above-median fraction of individual investors in a given year, and zero otherwise. 

Control variables are the same as in column 2 of Table 2.4, Panel A. All the independent variables at the firm-level 

are lagged by one year. County-level control variables are contemporaneous. Standard errors in parentheses are 

heteroscedasticity robust and double clustered at county × year and firm levels. *, **, and *** indicate statistical 

significance at 10%, 5% and 1% levels, respectively. 

 (1) (2) (3) 

Dependent variable R&D/Assets R&D/Assets R&D/Assets 

LnCPRatio 0.003 0.003 0.003    

 (0.002) (0.002) (0.002)    

LnCPRatio*SmallFirm 0.006**   

 (0.002)   

LnCPRatio*Low BE/PI  0.006**  

  (0.003)  

LnCPRatio*High Indiv Invest   0.006**  

   (0.002)    

Firm and County Controls Yes Yes Yes 

Year/Industry FE Yes Yes Yes 

Observations 32424 32424 32424    

Adjusted R2 0.516 0.516 0.516    
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Table 2.7: Role of managers 

The table reports the analysis of the effect of the local gambling preference proxy, LnCPRatio on the option Vega of 

the CEO and the top management team, and the effect of Vega incentives on R&D. All the variables are defined in 

Table 3.1 in the Internet appendix (Chapter 3). CEO (Mgmt. Team) Vega represents the dollar change in the CEO’s 

(average of top managers’) option holdings for a 1% change in stock return volatility, in millions. Untabulated firm-

level control variables in columns (2) and (4) are from Mobbs (2013). Untabulated control variables in columns (3) 

and (6) are as in column 3 of Table 2.2, Panel A. All the independent variables at the firm-level are lagged by one 

year. County-level control variables are contemporaneous. Standard errors in parentheses are heteroscedasticity robust 

and double clustered at county × year and firm levels. *, **, and *** indicate statistical significance at 10%, 5% and 

1% levels, respectively. 

 

  

 

 (1) (2) (3) (4) (5) (6) 

Dependent variable 

CEO 

Vega    

CEO 

Vega  

R&D/ 

Assets 

Mgmt. 

Team  

Vega  

Mgmt. 

Team  

Vega  

R&D/ 

Assets 

LnCPRatio 0.032*** 0.032*** 0.007*** 0.013*** 0.013*** 0.007**  

 (0.009) (0.009) (0.003) (0.004) (0.004) (0.003)    

CEO Vega    0.017***    

   (0.005)    

CEO Option Delta    -0.002    

   (0.002)    

Mgmt. Team  Vega       0.061*** 

      (0.013)    

Mgmt. Team Option 

Delta       -0.009    

      (0.006)    

Holder67  0.023*** 0.004***  0.011*** 0.004*** 

  (0.006) (0.002)  (0.002) (0.002)    

Firm and County 

Controls No Yes Yes No Yes Yes 

Year/ Industry FE Yes Yes Yes Yes Yes Yes 

Observations 7054 7054 7779 7054 7054 7779    

Adjusted R2 0.128 0.342 0.444 0.131 0.375 0.445    
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Table 2.8: CPRatio and firm valuation 

The table reports the results of regressions of Tobin’s Q on LnCPRatio and two alternate measures of industry growth 

opportunities, namely industry innovativeness (Innovative Ind) or peer firm PE ratio (PeerPE), and their interactions. 

Innovative Ind equals one for 4-digit SIC industries whose citations per patent exceed the median for all industries in 

a given year; it equals zero for other industries. PeerPE is the natural log of total market value of equity divided by 

total earnings of all other firms in a firm’s 2-digit SIC industry. All other variables are defined in Table 3.1 in the 

Internet appendix (Chapter 3). All firm-level independent variables are lagged by one year. Standard errors in 

parentheses are heteroscedasticity robust and double clustered at county × year and firm levels. *, **, and *** indicate 

statistical significance at the 10%, 5% and 1% levels, respectively. 

 (1) (2) (3)    (4)    

Dependent variable Tobin's Q Tobin's Q Tobin's Q Tobin's Q 

Innovative Ind 0.212*** 0.040               

 (0.025) (0.040)               

PeerPE   0.056*** -0.057*** 

   (0.016) (0.022)    

LnCPRatio*Innovative Ind  0.127***               

  (0.042)               

LnCPRatio*PeerPE    0.097*** 

    (0.026)    

LnCPRatio  0.068**  -0.168**  

  (0.031)  (0.075)    

Firm# and County Controls Yes Yes Yes Yes 

Year/Industry FE Yes Yes Yes Yes 

Observations 37484 35517 31912 30427    

Adjusted R2 0.150 0.247 0.150 0.251    

# Firm controls are: Ln(PPE/Emp), LnSales, Stock Return, ROA, Business Segments 

 

  



 

61 

 

CHAPTER 3 

INTERNET APPENDIX TO RELIGION, GAMBLING ATTITUDES AND CORPORATE 

INNOVATION  
 

3.1 Introduction 

In this chapter, we present detailed variable definitions, and additional tests that support 

the main analysis in the paper in Chapter 2. Variables that appear in the regressions are defined 

in Table 3.1. 

3.2 Summary statistics of rest of the variables 

Panel A of Table 3.2 presents summary statistics of location-level variables at the county 

level. Panel B presents summary statistics of most control variables at the firm-year level. 

3.3 Correlations 

 Table 3.3 presents pairwise Pearson correlations between some of our key variables of 

interest. All non-italicized coefficients are statistically significant at the 1% level. These 

correlations are consistent with our story and with the more rigorous analysis in the paper. For 

instance, LnCPRatio is positively correlated with (R&D/Assets)12, LnPatent, LnTechAdjCites 

and LnCitePerPat consistent with our hypothesis that firms in counties with more Catholics 

relative to Protestants invest more in R&D and produce more and better quality innovation 

output. Not surprisingly, R&D expenditure is positively correlated with LnPatent, 

LnTechAdjCites, and LnCitePerPat, suggesting that a higher level of R&D investment is an 

essential requirement for innovation. Furthermore, R&D expenditure is positively correlated with 

both idiosyncratic 
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volatility and idiosyncratic skewness of a stock, consistent with our hypothesis that R&D 

expenditure contributes positively to a stock’s lottery factors.  

All of the county-level variables are correlated with each other and with our main 

explanatory variable of interest, LnCPRatio. Interestingly, the correlations suggest that Catholics 

are more concentrated in more religious counties. Counties with higher concentrations of 

Catholics relative to Protestants tend to be more populated, more urban, have older populations 

and experience larger increase in the fraction of foreign-born population. They also have higher 

(lower) proportions of college graduates, females, and Hispanic populations (households with 

married couples).  

3.4 Citations per patent as innovation outcome 

We estimate a set of regressions of citations per patent (LnCitePerPat) as an additional 

measure of the quality of innovation output. Column 3 of Table 3.4 shows the model with the 

full set of (untabulated) firm and county-level controls. The estimated coefficient 0.157 on 

LnCPRatio suggests that going from a county at the 25th percentile to one at the 75th percentile of 

LnCPRatio increases LnCitePerPat by 0.139 (=0.157*(1.337-0.449), see Table 2.1 in the main 

paper (Chapter 2)), which is an increase of 18% over its unconditional mean of 0.797. 

Consistent with our hypothesis that the effect of gambling preferences on innovation 

should be larger in firms in innovative industries, the coefficient estimate of LnCPRatio in 

column 2 is much larger in innovative industries as it is in non-innovative industries in column 3 

in predicting LnCitePerPat. These coefficients on LnCPRatio in innovative and non-innovative 

industries are also statistically different from each other (p < .01). 
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3.5 Robustness checks 

In this section, we present and discuss several robustness tests of our main results on 

R&D expenditures, patents and citations. Broadly, we examine whether our results are robust to 

other plausible specifications. The first six rows in Panel A of Table 3.5 summarize these results. 

The first three columns report the coefficient estimate of LnCPRatio, its standard error, and the 

number of observations in the regressions of R&D expenditures for our full sample. The next 

two sets of three columns each present the results of regressions of patent counts and tech-

adjusted citations. To save space, we do not tabulate the robustness checks on sub-samples 

partitioned by industry innovativeness but note that the effects are generally stronger in the 

innovative industry subsample.  

First, we check whether our results are driven by our choice of normalization of the main 

explanatory variable21. In theory, LnCPRatio rises without bound but falls towards zero. We 

follow prior studies and use the relative size of Catholics and Protestants because Catholics tend 

to tolerate gambling, while Protestants do not. We do so because the numerator and the 

denominator go in opposite directions, so CPRatio serves as a sharper proxy for local gambling 

preference. However, our conclusions do not change if we use the ratio of Catholics to the sum 

of Catholics and Protestants, C/(C+P), instead of LnCPRatio. Consistent with the results of our 

baseline specification, C/(C+P) positively and significantly predicts R&D expenditures, the 

number of patents and adjusted citations. In each case, the (untabulated) coefficient estimate is 

larger for the sub-sample of firms in innovative industries. 

We next check whether our main results are sensitive to normalization of our main 

dependent variables. In our baseline regressions of patents and citations, we follow the prior 

                                                 
21 We thank an anonymous referee for suggesting this and the subsequent check. 
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literature and use the unscaled log of patents and citations as dependent variables and control for 

firm size. Our main results continue to hold if we normalize patents and tech-adjusted citation 

counts by total assets, similar to the way we treat R&D expenditures, as shown in row (2) of 

Table 3.5. 

There are many firm-years with zero R&D expenditures, zero patents and zero citations. 

So, one concern is whether our results are driven by a jump from zero patents (or citations or 

R&D) to a positive number. We deal with this issue in two ways. First, for each of the three 

dependent variables, we estimate a Tobit model, which explicitly accounts for a jump in the 

distribution at zero. In row (3), these results are qualitatively similar to those under the OLS and 

are statistically significant. Second, we repeat the regression analysis by excluding all firm-years 

with zero R&D, patents and citations. This approach eliminates the impact of the jump from zero 

to positive values. In row (4), despite losing about more than two-thirds of our observations, our 

results remain quantitatively similar and statistically significant. 

3.6 Evidence from corporate headquarters relocations 

 We try to mitigate a potential bias coming from unobserved fixed county-level omitted variables 

by investigating whether firms that move their corporate headquarters to a higher CPRatio area spend 

more on R&D following the move22. We use the SEC Analytics Suite to identify changes in the state of 

our sample firms’ headquarters reported in their 10K filings for each year from 1994 to 2006. In cases 

where this database reports a move by a firm in one year followed by a move back the following year, we 

used Factiva news search and other Internet sources to verify that the firm’s headquarters actually moved 

to a new location. We then average the CPRatios across all the counties in a state to create a state-level 

                                                 
22 While this test does not rule out a situation where an omitted firm characteristic (e.g., innovativeness) 

shifts, causing the firm to relocate to a more economically viable county, and this viability is correlated 

with CPRatio, our reading of a number of news articles related to the moves does not suggest that the moves 

were specifically related to innovation.  
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CPRatio each year. We do so because from the SEC Analytics Suite we only know if a firm changed the 

state of headquarters. For each of the 194 firms in our sample that moved their headquarters state over 

this period, we calculate Δ(LnCPRatioState) and Δ(R&D/Assets), which measure the change in these 

variables for the year after the move compared to the year before the move. We exclude the year the firm 

appears in a new state because the relocation takes place at different times during the year for different 

firms and to allow time for a change in corporate policies. We then estimate the following regression, 

which has one observation for each mover firm, and use standard errors corrected for heteroskedasticity: 

Δ(R&D/Assets) = bo + b1 Δ(LnCPRatioState)+ 2-digit SIC industry dummies + year dummies, 

Despite a small sample size, in untabulated tests, the estimated coefficient of 

Δ(LnCPRatioState) in this regression is significantly positive, with a t-statistic of 1.99. This 

finding suggests that firms increase their R&D spending in the year following a move to a state 

with a higher preference for gambling, and support our main findings based on panel regressions. 

3.7 Immigration act of 1965 as a quasi-natural experiment 

The Immigration and Nationality Act of 1965 (also known as Hart–Celler Act) was 

signed in October 1965 and became effective in June 1968. The law abolished the national 

origins quota system and replaced it with a system of preferences based on family relationships 

and skills. Hart–Celler Act was a landmark law, which dramatically changed America’s 

demographics in the years to come. As found by Keely (1971) it had an immediate effect on 

demographics even during the two and half year period from 1966 to mid-1968 over which the 

quota system had to be phased out. The shock to immigration due to this Act has several 

desirable features and offers a good setting for testing the causal effect of religious compositions 

on corporate policies. First, it is a federal law that affects all US states equally. Second, in a 

major departure from the previous law, the primary criterion for granting a visa under this law is 

family reunion. That is, an applicant is more likely to be granted a visa if they already have 
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family members living in the US. This provision of the law mitigates a concern about an 

immigrant’s self-selection of the place to locate because immigrants are likely to move near 

family members. In addition, this feature, along with data on the demographic compositions of 

locations, allows us to track where immigrants from different counties are likely to locate in the 

US, at least in the short-run, and the potential impact on the location’s religious composition. For 

example, an immigrant from India is more likely to move to New Jersey and one from Mexico is 

more likely to move to Texas. Further, Keely (1971) finds that even though immigration volume 

increased following the new law, the distribution of occupational level remained largely 

unchanged. This finding makes it less likely that these differences are a result of a shift in skill 

sets, at least in the short run. 

From the US Census Bureau, we identify the ten countries with the largest increase in 

immigration following the passage of the law. Five of these countries, namely Philippines, 

Mexico, Portugal, Cuba and Dominican Republic happen to be predominantly Catholic, and the 

other five, namely India, China, Korea, Jamaica and Japan are non-Catholic. To identify where 

these immigrants are most likely to have moved to, we identify 50 cities with the largest 

concentration of people born in each of these countries from city-data.com (http://www.city-

data.com/top2/toplists2.html). We focus our analysis on relatively large cities 

(population>20,000) so that these cities likely have a noticeable impact on religious 

compositions of the counties they belong to. We match these cities to counties. Since many cities 

can be matched with the same counties, this exercise obtains us a sample of 26 (22) counties 

which have cities with the largest concentrations of residents born in Catholic (non-Catholic) 

countries. The first group serves as our treatment sample and the second serves as the control 

sample, which we use to do a difference-in-differences (DiD) test. The strategy here is to exploit 
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the differential and plausibly exogenous effect of immigration on the religious compositions of 

different counties. The idea is that because of the law’s family reunification provision, new 

immigrants are more likely to first move to cities with an already large concentration of 

immigrants from their countries (who also share their religious affiliation). Since both sets of 

counties were affected by the new law, comparing these counties allows us to mitigate the 

concern that the observed effects are because of immigration, not differences in religious 

compositions. Next, we obtain data on firms’ R&D/Assets ratio from Compustat and patent data 

from Kogan, et al.’s (2012)) patent database which includes pre-1976 data. We calculate county-

level means of R&D/Assets ratio (AvgR&D/Assets) and (eventually) successful patent 

applications of firms in each county (AvgPatents) for each year from 1960 to 1980.   

First, we check whether the law indeed had differential effects on the religious 

compositions of the treatment and control counties. The DiD estimates in the first row of Table 

3.6 show that as expected, the treatment counties experience a significantly larger increase in 

CPRatio (ΔCPRatio(1970-1952)) than the control counties between 1952 and 1970, the two years for 

which data on religiosity is available from ARDA before and after the law’s enactment.  Then 

we test whether public firms in treatment counties subsequently experienced a larger increase in 

innovation. Demographic changes due to immigration likely affect corporate innovation policies 

with a significant lag because immigrants may not immediately become a significant part of local 

investors or workforce, or significantly influence the local culture. Therefore, we allow for 10 

years after 1968, the end of the transition period. In particular, for the DiD tests, we compare the 

change in the R&D/Assets ratio and patents of public firms over the years 1978, 1979 and 1980 

and compare it to the average over the three years leading up to the beginning of the transition 

period, namely years 1963, 1964 and 1965. As shown in the second and third rows of Table 3.6, 
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the treatment counties subsequently experienced a larger change in average R&D/Asset ratio 

(ΔAvgR&D/Assets(1978,79,80 - 1963,64,65)) and average patent application rates (ΔAvgPatents(1978,79,80 - 

1963,64,65)) compared to the control counties. 

To summarize, we use a DiD test around the immigration law of 1965, and find that 

public firms in counties which experienced a larger increase in CPRatio due to a plausibly 

exogenous shock to immigration subsequently increased their innovation significantly more 

compared to a control sample.  

Some limitations of this exercise are worth noting. The earlier data on Compustat and 

patenting activities is thin, which results in a relatively small sample. We make strong 

assumption about where these immigrants may have moved. We do not have data on immigrants 

at the individual level, so we cannot separate national origins from religious origins. The law 

may also have had other effects, which we do not know, that might have affected these two sets 

of counties differently. While these results support our main findings and a take us a step closer 

to establishing a causal effect, we should be wary of drawing strong conclusions from them. 

3.8 Innovative efficiency and quality variance 

If R&D expenditures made by firms in counties with higher CPRatios are partly 

facilitated by a gambling motive, what can we say about innovative efficiency, i.e., the relation 

between innovation input, i.e., R&D expenditures, and innovation output, i.e., patents and 

citations generated by these firms? If gambling preferences instill a corporate culture of 

tolerating failures in hopes of large gains from potential break-through innovations, this culture 

would lead to more exploration and experimentation and even some risky long-shots. Since a 

few of these ‘gambles’ would turn out to be viable patents, but most would not, we should find 

that firms in high CPRatio areas have a lower marginal productivity of R&D expenditures in 
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generating patents and citations, even if the total number of patents and citations obtained by 

these firms are higher because of higher R&D spending. More experimentation also implies 

greater variation in the quality of these firms’ innovation output. We measure variation in the 

quality of a firm’s innovation output by the variance of citations to its patents following 

González-Uribe and Xu (2014). 

We develop a regression model to estimate the productivity of R&D expenditure in 

generating innovation outputs. To this end, we modify the regressions of innovation outputs 

shown in Table 2, Panel A by recognizing two important issues. First, to estimate innovation 

output (i.e., patents and citations) per dollar of innovation input (i.e., R&D dollars), we need the 

unscaled R&D expenditure as an explanatory variable, and the raw number of successful patent 

applications and technology-adjusted citations as dependent variables. Second, the relation 

between R&D dollars and patents or citation counts varies significantly across industries. For 

example, it might take several hundred million dollars in R&D expenditures to develop one 

viable patent in a drug company, while a toy company might generate a patent with a few million 

dollars in R&D. Consequently, our empirical model here has the raw value of each innovation 

output variable as the dependent variable, and the dollar value of R&D and its interaction with 

LnCPRatio and with each of the 2-digit SIC industry code dummy variables as explanatory 

variables. As before, the regressions use the average of the first and second lags of R&D (i.e., 

R&D12). The interaction of R&D expenditure with LnCPRatio estimates the effect of gambling 

attitudes on innovation efficiency, whereas the interactions of R&D with each industry dummy 

control for an industry effect on the relation between R&D spending and the number of patents 

or citations.  
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The first two columns of Table 3.7 show the results of regressions of patent applications 

and technology-adjusted citations, respectively. The control variables are the same as in column 

3 of Table 3, Panel A. For brevity, we only tabulate the coefficient estimates on R&D12, 

LnCPRatio and their interaction. Consistent with our hypothesis, we obtain a negative and 

statistically significant coefficient on the interaction of R&D12 and LnCPRatio in explaining both 

of the innovation outputs.  These results imply that an extra dollar spent on R&D by firms in 

high CPRatio counties produces fewer patents and adjusted citations after controlling for firm-

specific and county-level variables and the cross sectional variation in patent productivity across 

industries. As expected, the coefficient estimates on the main effects of LnCPRatio and R&D12 

remain positive and statistically significant. 

Moreover, column 3 of Table 3.7 shows that patents obtained by firms in higher CPRatio 

areas tend to have greater variation in quality, in terms of citations obtained by these patents 

throughout their lives. This finding is consistent with the view that gambling preference leads to 

more exploratory research, which induces greater variation in patent quality, with some patents 

becoming highly successful by obtaining most of the citations (González-Uribe and Xu (2014)).  

3.9 CPRatio, cash and R&D 

We follow the previous literature that examines the determinants of the level of a firm’s 

cash holdings (cash and marketable securities divided by total assets), and add our gambling 

proxy, LnCPRatio, and its interaction with R&D/Assets ratio as additional explanatory variables. 

If firms located in areas with higher concentrations of Catholics hold more cash, we expect to see 

a positive and significant coefficient on LnCPRatio. More importantly, if these firms hold more 

cash to invest in R&D, we expect a positive and significant coefficient on the interaction of 

R&D/Assets and LnCPRatio.  
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Table 3.8 shows the results of regressions of cash holdings where LnCPRatio and its 

interaction with R&D/Assets are the main explanatory variables of interest. We control for firm-

level variables found by Opler et. al. (1999) and Bates, Kahle and Stulz (2009) to significantly 

predict a firm’s cash holdings. Consistent with our previous analysis, all firm-level control 

variables are lagged by one year. We also include the full set of contemporaneous county-level 

control variables and year and industry fixed effects. Column 1 shows the coefficient estimates 

of LnCPRatio, R&D/Assets, Industry cash flow volatility (Industry Sigma), Acquisitions and the 

interactions of the former two variables. The coefficient estimates of the other control variables 

are not reported for brevity. As expected, LnCPRatio obtains a positive and highly significant 

coefficient in explaining the level of a firm’s cash holdings. Similarly, consistent with the 

previous literature, R&D/Assets obtains a positive and significant coefficient. More importantly, 

the point estimate of the interaction between R&D/Assets and LnCPRatio is also positive and 

statistically significant at the 1% level. This result supports our hypothesis that higher levels of 

cash holdings by firms in high CPRatio areas are partly driven by these firms’ greater need to 

invest in R&D.  

A potential concern, however, is that firms in gambling-tolerant areas may have other 

unique characteristics that affect their cash holdings. So the interaction of R&D and LnCPRatio 

might be tempered by other motivations for cash holdings that are omitted from the regression. 

The prior literature suggests two more determinants of cash holdings for such firms. First, more 

R&D intensive firms are also likely to face greater industry cash flow volatility (Industry Sigma), 

so the higher cash holding of firms in higher CPRatio areas might be driven by a precautionary 

motive rather than by a strategic R&D motive. Second, recent evidence suggests that higher risk 

tolerance and higher gambling preferences of managers lead them to spend more on acquisitions 
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(see, e.g., Graham, Harvey and Puri (2013), and Schneider and Spalt (2013)), which can reduce 

the cash holdings of firms in more gambling-tolerant areas.  

To isolate the effect of the R&D motive from these other potential determinants of cash 

holdings in high CPRatio areas, we add the interactions of LnCPRatio with two other variables: 

Industry Sigma and Acquisitions to the regression in column 1. These interaction terms control 

for the precautionary and acquisition motives for cash holdings in high CPRatio areas, and make 

the estimate on LnCPRatio*R&D/Assets a cleaner measure of the incremental cash holding for 

R&D purposes by firms  in gambling-tolerant areas. Column 2 of Table 3.8 shows the estimates 

of this regression. As expected, LnCPRatio*Industry Sigma  indeed obtains a positive and 

statistically significant coefficient, suggesting the importance of the precautionary motive for 

holding extra cash by firms in high CPRatio areas. Similarly, the interaction of Acquisitions with 

LnCPRatio obtains a significantly negative coefficient, consistent with prior findings that 

managerial risk tolerance and gambling attitudes lead firms to spend more on M&A activities, 

leaving them with less cash. Nevertheless, the coefficient estimate on LnCPRatio*R&D/Assets 

remains positive and statistically significant at the 5% level. It is also noteworthy that once these 

two interaction terms are introduced, the main effect of LnCPRatio on cash holdings turns 

insignificant. This finding suggests that all the extra dollars of cash held by firms in high 

CPRatio areas can be attributed to these three reasons. Moreover, we find that the R&D motive 

for higher cash holdings by firms in high CPRatio areas is significant in innovative industries 

(see column 3), but not in non-innovative industries (see column 4). This result further 

strengthens our evidence that greater cash holdings by firms in more gambling-tolerant areas are 

at least partly for funding innovation. 
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Table 3.1: Variable definitions 

Variable Name Description 

Patent Applications The number of (eventually granted) patents applied for during a year. 

Replaced by zero if missing. 

LnPatent Natural logarithm of one plus Patent Applications. 

Citations Per Patent The total number of citations received during the sample period on all 

patents filed (and eventually received) by a firm in a given year, scaled by 

the number of the patents filed (and eventually received) by the firm 

during the year. The number of citations is adjusted by the weighting index 

of Hall, Jaffe and Trajtenberg (2001, 2005). Replaced by zero if citation 

counts are missing.  

LnCitePerPat Natural logarithm of one plus Citations Per Patent 

Tech-Adjusted Citations Total number of technology class-adjusted citations received during the 

sample period on all patents filed (and eventually received) by a firm 

during the year. Each patent’s adjusted citation count is divided by the 

average adjusted citation count for all patents filed (and eventually 

granted) in the same technology class during the year by all the sample 

firms. A patent’s adjusted citation count is its number of citations, adjusted 

by the weighting index of Hall, Jaffe and Trajtenberg (2001, 2005). 

Replaced by zero if citation counts are missing. 

LnTechAdjCites Natural logarithm of one plus Tech-Adjusted Citations. 

LnCPRatio Natural logarithm of one plus the ratio of the number of Catholic adherents 

to the number of Protestant adherents in a county in a given year. 

R&D12 The average of the first and the second lags of R&D expenditures 

(Compustat data item: XRD). Replaced by zero if missing. 

R&D/Assets R&D expenditure (Compustat data item: XRD) divided by total assets 

(Compustat data item: AT). Replaced by zero if missing. 

(R&D/Assets)12 The average of the first and the second lags of R&D/Assets 

CitesVariance Variance of lifetime citations obtained by all patents applied for and 

granted in a given year. 

LnSales Natural logarithm of sales (Compustat: SALE). 

LnFirmAge Natural logarithm of firm age, approximated by current fiscal year minus 

the year the firm first appears in Compustat. 

Idio. Volatility Idiosyncratic volatility, computed as the standard deviation of the 

residuals obtained by regressing daily returns on a stock on Fama and 

French (1993) and Carhart’s (1997) four factors over a year. 

Idio. Skewness 

 

Idiosyncratic skewness, computed as the skewness of residuals obtained 

by regressing daily returns on a stock on excess market return and excess 

market return squared over a year. 

Lottery Stock An indicator variable that equals one if a stock’s returns exhibit above-

median idiosyncratic volatility and above-median idiosyncratic skewness 

in a given year, and zero otherwise. 

ROA Operating income before depreciation divided by total assets (Compustat: 

OIBDP/AT). 

Ln(PPE/Emp) Natural logarithm of net property, plant and equipment divided by the 

number of employees (Compustat: PPENT/EMP). 
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Book Leverage Long-term plus short-term debt divided by total assets [Compustat: (DLC 

+ DLTT)/AT]. 

Capex Capital expenditure divided by total assets (Compustat: CAPX/AT) 

Tobin's Q Ratio of market value of assets to book value of assets = Market value of 

equity plus book value of assets minus book value of equity minus 

accumulated deferred taxes, all divided by the book value of assets 

[Compustat: (AT - CEQ + CSHO*PRCC_F - TXDITC)/AT]. 

KZ Index Kaplan and Zingales index for a given year calculated as  

-1.001909 *KZ_CashFlowToCapital + 0.2826389*KZ_Q + 

3.139193*KZ_Leverage - 39.3678*KZ_Div - 

1.314759*KZ_CashToCapital  

where, 

KZ_CashFlowToCapital = (IB + DP))/lag(PPENT) from Compustat; 

KZ_Q = (AT + PRCC_F*CSHO - CEQ - TXDB)/AT from Compustat; 

KZ_Leverage = (DLTT+ DLC)/( DLTT + DLC+ SEQ) from Compustat; 

KZ_Div = (DVC + DVP)/ lag(PPENT) from Compustat; 

KZ_CashToCapital = CHE/ lag(PPENT) from Compustat. 

HHI Herfindahl-Hirschman index based on sales for a given SIC industry code 

measured at the end of a fiscal year. 

Inst. Own Percentage of a firm’s stock held by institutional investors at the end of a 

fiscal year, reported in SEC Form 13F. 

LnAnalysts Natural logarithm of one plus the number of analysts following a firm in 

a given year. 

Discr. Current Accr.>0 An indicator variable that equals one if a firm has positive discretionary 

current accruals, computed using the Modified Jones Model in a given 

year, and zero otherwise. 

LnPopulation Natural logarithm of a county’s population in a given year. 

Pop. Growth First difference of LnPopulation 

Younger An indicator variable that equals one if the median age of the people in a 

firm-county is less than the median age for all the firm-counties in a given 

year, and equals zero otherwise. 

Rural Urban Continuum A classification scheme that distinguishes metropolitan (i.e., metro) 

counties by the population size of their metro area, and nonmetropolitan 

counties by the degree of urbanization and adjacency to a metro area(s). 

Scaled from 1 to 9, where a higher number means more rural (1 to 3: metro 

areas; 4 to 9: non-metro areas). 

College Grads Percentage of 25 years or older residents in a county who have at least a 

Bachelor’s degree. 

Hispanics Fraction of Hispanic population to total population of a county in a given 

year 

Foreign Born Growth Difference in the fraction of foreign-born population in a state over ten 

years.  

Savings rate (Per capita income - per capita personal consumption expenditure)/per 

capita income, in a state in the year 1997: From Bureau of Economic 

Analysis 

Married Household Percentage of population living in households of married couples in a 

county. 

Male to Female Ratio Ratio of male population to female population in a county. 
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LnAdherentsPer1000 Natural logarithm of the number of religious adherents in a county per 

1000 residents. 

Dem/Rep Ratio of popular votes to Democratic presidential candidate to 

Republican presidential candidate in a county 

Excess Cash Residual from a regression of a firm’s cash to assets ratio on control 

variables as in Opler et. al. (1999) and Bates, Kahle and Stulz (2009). 

LnMarketCap Natural logarithm of the market capitalization of a firm calculated at the 

end of the fiscal year calculated as price per share multiplied by the 

number of common shares outstanding (Compustat: PRCC_F*CSHO). 

Amihud Illiquidity Absolute daily returns per unit of trading volume, averaged over the 

number of trading days in a year.  

Dividend Payer An indicator variable that equals one if the firm pays a cash dividend in a 

given year, and equals zero otherwise. 

Turnover Average monthly shares traded divided by the number of shares 

outstanding during a year. 

Stock Return Holding period stock return for a year. 

Price Per Share  Price per share at the end of a fiscal year. 

Market Beta Loadings on market risk premium estimated by a factor model using the 

prior sixty monthly returns. 

SMB Beta Loadings on the SMB factor estimated by a four factor model using the 

prior sixty monthly returns. 

HML Beta Loadings on the HML factor estimated by a four factor model using the 

prior sixty monthly returns. 

SmallFirm An indicator variable that equals one if a firm in a given year has a 

smaller market capitalization than the median of all firms, and zero 

otherwise. 

Low BE/PI An indicator variable that equals one if BE/PI associated with a firm-

year is below its median, and equals zero otherwise. BE/PI is calculated 

as the ratio of the aggregate book value of equity of all publicly-traded 

firms headquartered in a county divided by the aggregate personal 

income (= per capita income * number of residents) of the county. A 

county’s per capita income is approximated by its state’s per capita 

income.  

High Indiv Invest 

 

An indicator variable that equals one if a firm has above-median fraction 

of individual investors (i.e. below-median fraction of institutional 

investors) in a given year, and zero otherwise. 

CEO (Mgmt. Team ) Vega  

 

Dollar change in CEO’s (average of top managers’) option holdings for a 

1% change in stock return volatility, in millions. 

CEO (Mgmt. Team ) Option 

Delta  
Dollar change in CEO’s (average of top managers’) option holdings for a 

1% change in stock price, in millions. 

Holder67 Option-based measure of overconfidence based on HLT (2012). An 

indicator variable that equals one for all the years after a CEO holds 

stock options that are at least 67% in the money. 

Cash Holding 

 

Cash and marketable securities divided by total book assets (Compustat: 

CHE/AT). 

Industry Sigma The mean of the standard deviations of cash flow/assets ratio over the 10 

year period of the industry, as defined by the two-digit SIC code. 
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Acquisitions Dollars spent on acquisitions divided by the book value of assets 

(Compustat: AQC/AT). 

Innovative Ind An indicator variable that equals one for 4-digit SIC industries whose 

citations per patent exceed the median for all industries in a given year; it 

equals zero for other industries. 

PeerPE Natural logarithm of total market value of equity divided by total 

earnings of all other firms in a firm’s industry, as defined by the two-

digit SIC code. 

Business Segments Number of business segments from Compustat Segment file. 
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Table 3.2: Summary statistics 

The table reports the summary statistics of our key variables of interest. Panel A shows county-related variables at the 

county-level for the latest year that a county appears in our sample. Panel B shows variables at the firm-year level. 

The sample consists of U.S. public companies on CRSP and Compustat, excluding financial firms (2-digit SIC codes 

60 to 69) and utilities (2-digit SIC code 49), from 1980 to 2006. All the variables used in the regression analyses are 

defined in the Appendix. 

Panel A: County-level summary statistics 

 Mean Std. Dev. 

25th 

percentile Median 

75th 

Percentile N 

All Adherents per 1000 505.8 132.3 412 496 585 566 

Catholics per 1000 182.7 130.7 77 161 256 566 

Protestants per 1000 288.3 159.8 162 260 397 566 

CPRatio 1.116 1.372 0.242 0.615 1.341 566 

LnCPRatio 0.608 0.495 0.217 0.480 0.850 566 

College Grads (%) 24.8 10.194 17.0 23.7 31.2 566 

Deflated Income ($ ‘000) 46.1 7.1 42.2 45.2 51.1 566 

Male to Female Ratio 0.962 0.043 0.937 0.958 0.980 566 

Married Household Fraction 0.528 0.077 0.481 0.532 0.580 566 

Hispanics 0.082 0.106 0.017 0.042 0.099 566 

Age Group 7.9 0.511 7.6 7.9 8.2 566 

Rural Urban Continuum 2.603 1.855 1.000 2.000 3.000 566 

Total Population (‘000) 324.12 387.6 733 164.4 411.5 566 

Savings Rate 0.090 0.049 0.067 0.095 0.117 566 

Dem/Rep 1.113 0.856 0.631 0.937 1.273 566 

Foreign Born Growth 3.015 4.447 0.456 1.706 4.906 566 

 

Panel B: Firm-year-level summary statistics 

Variable Mean Std. Dev. 

25th 

percentile Median 

75th 

Percentile N 

Total Assets ($ millions) 2316.441 1.2e+04 49.688 203.410 983.091 32424 

Sales ($millions) 1963.456 8425.579 48.207 215.134 972.852 32424 

Sales Growth 0.084 0.325 -0.023 0.076 0.187 32424 

ROA 0.089 0.191 0.059 0.122 0.180 32424 

Firm Age 19.421 12.636 9.000 16.000 29.000 32424 

PPE/Emp 136.804 456.771 14.941 29.602 71.947 32424 

Book Leverage 0.241 0.201 0.074 0.216 0.354 32424 

Capex 0.067 0.065 0.024 0.048 0.086 32424 

KZ Index -4.093 13.730 -3.723 -0.589 0.987 32424 

HHI 0.399 0.248 0.208 0.340 0.533 32424 

Inst. Own 0.368 0.267 0.123 0.346 0.581 32424 

Number of Analysts 7.352 9.850 0.000 3.000 11.000 32424 

Discr. Current Accr.>0 0.474 0.499 0.000 0.000 1.000 32424 

Tobin's Q 1.816 1.528 1.009 1.323 1.962 32424 

Stock Return 0.197 0.716 -0.188 0.083 0.389 32424 

Market Cap ($millions) 2156.299 1.1e+04 36.208 161.630 818.481 32172 

Amihud Illiquidity 2.579 9.417 0.008 0.100 1.049 32172 

Dividend Payer 0.414 0.493 0.000 0.000 1.000 32172 

Turnover 1.137 1.327 0.344 0.688 1.380 32172 

Stock Return 0.200 0.743 -0.200 0.078 0.395 32172 

Price Per Share  19.592 18.889 5.205 13.725 28.000 32172 
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Market Beta 1.006 0.766 0.599 0.980 1.378 32172 

SMB Beta 0.902 1.168 0.200 0.754 1.439 32172 

HML Beta 0.071 1.282 -0.522 0.146 0.751 32172 

Cash Holding 0.152 0.195 0.021 0.069 0.202 36253 

Acquisitions 0.020 0.057 0.000 0.000 0.005 36253 

Industry Sigma 0.081 0.051 0.044 0.069 0.101 36253 

CEO Vega  0.139 0.243 0.017 0.052 0.146 7806 

CEO Option Delta  0.284 0.514 0.032 0.105 0.287 7806 

Mgmt. Team  Vega  0.060 0.096 0.010 0.025 0.063 7806 

Mgmt. Team Option Delta  0.121 0.199 0.019 0.050 0.129 7806 

Holder67 0.494 0.500 0.000 0.000 1.000 7806 
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Table 3.3: Correlation Matrix  

The table reports the Pearson correlation coefficients among select variables of interest. The sample consists of U.S. 

public companies on CRSP and Compustat, excluding financial firms (2-digit SIC codes 60 to 69) and utilities (2-

digit SIC code 49), from 1980 to 2006. All the variables used in the regression analyses are defined in the Appendix, 

Table 3.1. All continuous variables are winsorized at the 1% level in both tails. All non-italicized correlations are 

statistically significant at the 1% level. 

 

.  

  (1) (2) (3) (4) (5) (6) (7) (8) 

LnCPRatio (1) 1        

(R&D/Assets)12 (2) 0.18 1       

LnPatent (3) 0.09 0.12 1      

LnCitePerPat (4) 0.09 0.17 0.62 1     

LnTechAdjCites (5) 0.07 0.08 0.89 0.63 1    

Lottery Stock (6) 0.05 0.21 -0.18 -0.11 -0.16 1   

Idio. Volatility  (7) 0.06 0.27 -0.25 -0.15 -0.21 0.58 1  

Idio. Skewness (8) 0.02 0.06 -0.12 -0.08 -0.10 0.44 0.25 1 

Cash Holding (9) 0.20 0.52 0.00 0.03 -0.05 0.15 0.16 0.05 

LnSales (10) -0.05 -0.34 0.45 0.25 0.40 -0.40 -0.53 -0.22 

Sales Growth (11) -0.01 -0.02 0.00 0.00 -0.01 -0.06 -0.07 -0.08 

ROA (12) -0.11 -0.60 0.10 0.04 0.12 -0.32 -0.43 -0.17 

Stock Return (13) 0.01 0.01 0.00 0.00 0.00 0.15 0.01 0.23 

Firm Age (14) 0.00 -0.23 0.32 0.19 0.29 -0.28 -0.40 -0.08 

Ln(PPE/Emp) (15) -0.14 -0.11 0.08 -0.01 0.05 -0.09 -0.12 -0.05 

Book Leverage (16) -0.10 -0.19 -0.06 -0.08 -0.05 0.06 0.08 0.04 

Capex (17) -0.18 -0.12 -0.03 -0.04 0.02 -0.05 -0.08 -0.04 

KZ Index (18) -0.12 -0.14 0.00 0.00 0.02 0.00 0.00 0.02 

HHI (19) -0.01 -0.14 0.05 0.06 0.06 -0.04 -0.06 0.01 

Inst. Own (20) 0.00 -0.06 0.31 0.19 0.22 -0.35 -0.42 -0.25 

LnAnalysts (21) -0.03 -0.02 0.42 0.28 0.37 -0.31 -0.39 -0.23 

Tobin's Q (22) 0.14 0.44 0.09 0.09 0.06 0.06 0.10 -0.06 

Discr. Current Accr.>0 (23) 0.00 -0.03 -0.02 -0.04 -0.04 -0.02 -0.02 -0.02 

LnPopulation  (24) 0.45 0.07 0.01 0.00 0.00 0.04 0.04 0.01 

Pop. Growth  (25) -0.07 -0.01 -0.02 -0.01 -0.01 0.02 0.02 0.01 

Savings Rate  (26) 0.20 -0.05 -0.02 -0.06 -0.01 0.00 -0.01 0.03 

Younger  (27) -0.34 -0.03 -0.04 -0.03 -0.03 0.03 0.04 -0.01 

Rural Urban 

Continuum  (28) -0.28 -0.05 -0.03 -0.04 -0.05 0.00 -0.01 0.00 

College Grads  (29) 0.22 0.26 0.08 0.03 0.01 0.09 0.13 -0.02 

Hispanics  (30) 0.26 0.05 -0.06 -0.09 -0.08 0.09 0.11 0.01 

Foreign Born Growth  (31) 0.30 0.19 -0.02 -0.09 -0.10 0.10 0.11 0.01 

Married Household  (32) -0.09 -0.01 0.04 0.08 0.08 -0.01 -0.03 0.03 

Male to Female Ratio  (33) -0.16 0.14 -0.03 -0.01 -0.04 0.11 0.14 0.00 

LnAdherentsPer1000  (34) 0.30 -0.08 0.04 0.02 0.05 -0.06 -0.07 -0.01 
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Table 3.4: Citations per patent and gambling preference 

The table reports estimates of regressions of citation per patent (LnCitePerPat) on the local gambling preference 

proxy, LnCPRatio. All the variables are defined in the Appendix (Table 3.1). All firm-level independent variables are 

lagged by one year except for R&D/Assets, which is lagged by the average of the first and second lags. County-level 

control variables are contemporaneous. Standard errors in parentheses are double-clustered at county×year and firm 

levels. *, **, and *** indicate statistical significance at the 10%, 5% and 1% levels, respectively. 

Panel A: Citations per patent full sample 

 (1) (2) (3) 

Dependent variable LnCitePerPat 

Innovative 

Ind. 

Non-Innovative 

Ind. 

LnCPRatio 0.157*** 0.248*** 0.053* 

 (0.031) (0.050) (0.028) 

(R&D/Assets)12 
2.072*** 2.254*** 1.456*** 

 (0.155) (0.227) (0.151) 

Firm and County Controls Yes Yes Yes 

Year/Industry FE Yes Yes Yes 

Observations 31164 12010 19154 

Adjusted R2 0.329 0.316 0.315 
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Table 3.5 Robustness checks 

The table reports the results of several tests of robustness performed on the regressions of R&D/Assets, LnPatent, and LnTechAdjCites. All regressions include year 

and industry dummies, where industry is defined based on 2-digit SIC codes. All continuous variables are winsorized at 1% in both tails. Standard errors in 

parentheses are double-clustered at county×year and firm levels. *, **, and *** indicate statistical significance at the 10%, 5% and 1% levels, respectively. 

Dependent Variable R&D/Assets LnPatent LnTechAdjCites 

 Coeff. S.E. N Coeff. S.E. N Coeff. S.E. N 

1) C/(C+P) instead of LnCPRatio 0.010** 0.004 32424 0.374*** 0.086 31164 0.403*** 0.078 31164 

2) Patents/Assets and Citations/Assets as dep. vars.    0.002*** 0.001 31164 0.067*** 0.012 31164 

3) Tobit instead of OLS 0.015*** 0.004 32424 0.242*** 0.075 31164 0.343*** 0.087 31164 

4) Sample with non-zero R&D, patents, and 

citations 0.007** 2.22 17047 0.172*** 3.16 10781 0.207*** 3.23 8435 
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Table 3.6: Difference-in-Differences (DiD) estimates using the 1965 immigration law  

The table reports the estimates from difference-in-differences (DiD) around the passage of the 1965 immigration law. ΔCPRatio(1970-1952) is the change in the average 

ratio of Catholics and Protestants in the sample counties between the years 1952 and 1970, the two years around 1965 for which survey data on religion is available. 

ΔAvgR&D/Assets(1978,79,80 - 1963,64,65)  and ΔAvgPatents(1978,79,80 - 1963,64,65), respectively are the change in average R&D/Asset ratio and change in average number of 

patent applications (ΔAvgPatents(1978,79,80 - 1963,64,65)) among firms located in the sample counties from years 1963, 1964 and 1965 to years 1978, 1979 and 1980. *, 

**, and *** indicate statistical significance at the 10%, 5% and 1% levels, respectively. 

Variable Treatment Control DiD S.E. 

ΔCPRatio(1970-1952) 1.2688 0.5744 0.6944** 0.271 

ΔAvgR&D/Assets(1978,79,80 - 1963,64,65) 0.0117 0.0017 0.01* 0.006 

ΔAvgPatents(1978,79,80 - 1963,64,65) -3.9130 -6.278 2.365** 1.040 
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Table 3.7 Innovative efficiency and quality variance 

Columns 1 and 2 of the table report the results of regressions of Patent Applications and Tech-Adjusted Citations on 

LnCPRatio, R&D12 and LnCPRatio* R&D12 and other control variables. Column 3 reports the results of the regression 

of variance in citations of granted patents (CitesVariance). Control variables are the same as in column 1 of Table 3, 

but are not reported for brevity. All independent variables at the firm-level are lagged by one year except for R&D 

which is lagged by the average of the first and second lags. County-level control variables are contemporaneous. All 

regressions include year and industry dummies, where industry is defined based on 2-digit SIC codes. Regressions in 

columns 1 and 2 include the interactions of R&D12 with each industry dummy. All continuous variables are winsorized 

at 1% in both tails. Intercepts are not reported. Standard errors in parentheses are double-clustered at county× year 

and firm levels. *, **, and *** indicate statistical significance at the 10%, 5% and 1% levels, respectively. 

 (1) (2) (3) 

 

Patent 

Applications 

Tech-Adjusted 

Citations 

CitesVariance 

LnCPRatio 2.546*** 2.334**  99.49*** 

 (2.68) (2.46)    (8.49) 

LnCPRatio*R&D12 -0.031** -0.026**   

 (-2.53) (-2.18)     

R&D12 1.860*** 1.527**   

 (2.84) (2.40)     

LnPatent   42.12*** 

   (8.495) 

Other Firm/County Controls Yes Yes Yes 

(R&D12*Industry dummies) Yes Yes No 

Year/Industry FE Yes Yes Yes 

Observations 31172 31172    8651 

Adjusted R2 0.559 0.447    0.119 
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Table 3.8: Cash holding for innovation 

This table reports the results of regressions of cash holding (cash and marketable securities divided by total assets) on 

our local gambling preference proxy, LnCPRatio and related interactions. All the variables are defined in Table 3.1. 

Control variables include firm-specific variables similar to those from Opler et. al. (1999) and Bates, Kahle and Stulz 

(2009), and all our county-level controls. For brevity, we only report coefficient estimates of LnCPRatio, R&D/Assets, 

Industry Sigma, Acquisitions and the interactions of LnCPRatio with the latter three variables. Industry Sigma is the 

average volatility of cash flow for the industry defined by 2-digit SIC code in a given year. Acquisitions are dollars 

spent on acquisitions divided by total assets. All firm-level independent variables are lagged by one year. County-

level control variables are contemporaneous. Columns 1 and 2 show the results of regressions on the full sample and 

columns 3 and 4 show the results on sub-samples partitioned by industry innovativeness, where a 4-digit SIC code 

industry is defined as innovative if its average citations per patent exceed the median value for all industries in a given 

year. All continuous variables are winsorized at 1% in both tails. All regressions include year and industry dummies 

where industry is defined based on 2-digit SIC codes. Intercepts are not reported. Standard errors in parentheses are 

double-clustered at county×year and firm levels. *, **, and *** indicate statistical significance at the 10%, 5% and 

1% levels, respectively. 

 (1) (2) (3) (4) 

 

Cash Holding 

(Full sample) 

Cash Holding 

(Full sample) 

Cash Holding 

(Innovative) 

Cash Holding 

(Non-

innovative) 

LnCPRatio 0.014*** 0.001 0.003 0.002    

 (0.004) (0.005) (0.007) (0.006)    

LnCPRATIO*R&D/Assets 0.100*** 0.068** 0.072** 0.056    

 (0.028) (0.030) (0.035) (0.042)    

LnCPRATIO*Industry Sigma  0.200*** 0.185** 0.193*** 

  (0.060) (0.082) (0.065)    

LnCPRATIO*Acquisitions  -0.071*** -0.022 -0.102*** 

  (0.025) (0.041) (0.029)    

R&D/Assets 0.476*** 0.506*** 0.308*** 0.669*** 

 (0.041) (0.041) (0.047) (0.062)    

Industry Sigma 0.201*** 0.008 -0.087 0.022    

 (0.034) (0.057) (0.097) (0.061)    

Acquisitions -0.170*** -0.103*** -0.131*** -0.086*** 

 (0.013) (0.022) (0.037) (0.027)    

Other Firm/County Controls Yes Yes Yes Yes 

Year/Industry FE Yes Yes Yes Yes 

Observations 36969 36969 14264 22705    

Adjusted R2 0.472 0.473 0.454 0.491    
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CHAPTER 4 

DOES LOCAL RELIGIOSITY MATTER FOR BANK RISK-TAKING? 

 

4.1 Introduction 

Do local attitudes toward risk affect risk-taking by banks? While a rich literature offers 

numerous firm-, market-, and regulation-specific determinants of bank risk,23 our understanding 

of why some banks take more risks than others still appears incomplete. For instance, recent 

research discovers largely unexplained bank-specific stickiness in risk-taking culture that make 

some banks persistently vulnerable to crises (see Fahlenbrach, Prilmeier and Stulz (2012, 

hereafter FPS)). Moreover, even five years after the recent financial crisis, bank cultures that 

contributed to the crisis do not seem to have changed sufficiently (see, e.g., SIGTARP, 2013). 

While existing studies offer a number of rationality-based explanations of bank risk-

taking, they appear surprisingly silent on one potentially important predictor, viz., people’s 

inherent attitudes toward risk. Recent empirical evidence that the persistence of human traits 

leads to stickiness in firm policies (e.g., Bertrand and Schoar (2003), Malmendier, Tate and Yan 

(2011)) suggests that human behavior is a missing piece of the puzzle in the bank risk-taking 

literature. Indeed, as Hilary and Hui (2009) note, firms do not make decisions, people do. 

Despite scant academic research, it seems generally accepted that human elements, such as the 

traits and preferences of managers and investors, play a role in banks’ risk-taking behavior. For 

                                                 
23 Examples include competition (see, e.g., Boyd and Nicolò (2005), and Martínez-Miera and Repullo 

(2010)), size and diversification (see, e.g., Demsetz and Strahan, (1997), and Stiroh (2004)), and ownership, 

governance and regulation (see, e.g., Saunders, Strock and Travlos, (1990), and Laeven and Levine (2009)). 
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instance, in a testimony to the U.S. House of Representatives, Andrew Lo (2008) says, 

“Financial crises may be … a consequence of the interactions between hardwired human 

behavior and the unfettered ability to innovate, compete, and evolve” and “…the ultimate origin 

of the crisis may be human behavior....” Similarly, the comments of numerous policymakers, 

experts and the news media on the recent financial crisis point to human behavior as a cause of 

the crisis.24 

Whether local attitudes toward risk influence a bank’s risk-taking behavior is an 

important question, whose answer would be significant in understanding the functioning of 

financial institutions and have implications for regulations aimed at improving the financial 

system. For instance, if managers’ and investors’ inherent risk-preferences affect banks’ risk-

taking, then policies for improving the financial system that only change the regulatory 

environment are likely to be inadequate.  This paper aims to fill this gap in the literature by 

studying a behavioral aspect of risk-taking by banks. 

This study focuses on the role of one specific aspect of human behavior, namely risk-

aversion induced by local religiosity, in explaining the variation in bank risk. A rich literature 

across several disciplines shows that norms tied to religious identities affect economic 

outcomes.25 Moreover, a growing stream of research in financial economics finds a positive 

relation between local religiosity and risk-aversion in corporate culture (see Hilary and Hui 

(2009), and McGuire, Omer and Sharp (2012)). So, to the extent that local religiosity influences 

                                                 
24 For example, Financial Times (September 25, 2008) writes, “The call by both Democrats and 

Republicans for Wall Street titans to feel some personal pain underlined the view that greedy executives 

were to blame for the financial crisis.” Similarly, then-US Treasury Secretary Timothy Geithner said, “Most 

financial crises are caused by a mix of stupidity and greed and recklessness and risk-taking and hope” 

(Reuters, April 25, 2012). John Breit, formerly a top risk manager at Merrill Lynch, says that mathematical 

models fail because they don’t account for human frailty (NYTimes.com, April 3, 2013). 
25 See, e.g., Weber (1930), Barro and McCleary (2006), La Porta et al. (1997), and Stulz and Williamson 

(2009). Section 2 briefly reviews this literature. 
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the risk-preferences of banks’ key stakeholders such as managers and shareholders, banks 

located in more religious areas are likely to take less risk. 

While prior studies link religiosity to lower risk-taking in non-financial firms (e.g, Hilary 

and Hui (2009)), examining this issue in financial firms is important for several reasons. First, 

banks provide liquidity, credit and financing, which oil the engine of the broader economy. 

Financial crises, when banks stop lending, usually lead to economic downturns. This study sheds 

light on an important, and as yet unstudied, determinant of bank risk-taking, which is important 

not just for the health of the financial sector, but for the entire economy. Second, the financial 

sector serves as a better laboratory for studying firms’ risk-taking behavior and its consequences 

for at least two reasons: 1) banks’ direct dealings in large liquid assets create more opportunities 

and the flexibility to engage in risky behaviors than non-financial firms (see, e.g., Levine 

(2004)), and 2) banks are significantly more responsive to financial shocks than non-financial 

firms (FPS (2012)).  

However, it is not obvious a priori whether local religiosity affects banks in the same 

way that it affects non-financial firms, for at least two reasons. First, as discussed by Mehran, 

Morrison and Shapiro (2012), banks have additional stakeholders such as depositors (banks’ 

main funding source) and the government (the deposit-insurer and residual claimant on systemic 

externalities), who have strong incentives to curb excessive risk-taking by banks. Second, 

publicly traded banks are highly regulated, monitored by multiple agencies and followed 

vigorously by the financial news media, all of which can curb risk-taking. So whether risk-

aversion induced by local religiosity influences risk-taking in banks is an open empirical 

question. 
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We find that banks headquartered in more religious areas take less risk, consistent with 

the view that local religiosity induces a risk-averse corporate culture. In particular, local 

religiosity negatively predicts stock market-based risk measures, such as total, idiosyncratic and 

tail risks, as well as an internal measure of risk, namely banks’ likelihood of default as measured 

by the inverse of their z-scores. But banks in more religious areas command lower market 

valuations, especially during non-crisis times. These results are quite robust  ̶  they are not driven 

a few banks or a few locations, and they stand up to several alternative specifications, including 

those for mitigating endogeneity concerns.  

Although these results are not driven by crisis periods, the negative relation between 

religiosity and bank risk-taking becomes stronger during the crises of 1998 and 2007-08. During 

the crises, banks in more religious areas exhibit less financial distress of other forms as well. In 

particular, they lose less on non-performing loans and reduce dividends less. Moreover, using a 

framework similar to that of FPS (2012), we find that banks’ poor stock performance during the 

1998 crisis predicts their poor performance in the crisis of 2007-08, only if they are located in 

less religious areas. This finding is consistent with the notion that banks in more religious areas 

either learn from previous crises, or they follow risk cultures and business models that are less 

susceptible to crises. 

We dig deeper to identify potential mechanisms that lead to the observed differences in 

banks’ risk outcomes. We find that banks located in more religious areas grow their assets more 

slowly, hold safer assets, rely less on non-traditional sources of income, and provide less risk-

incentives to their employees and executives. Finally, we find that the relation between local 

religiosity and bank risk is caused by a local preference channel. In particular, we find a stronger 

negative influence of local religiosity on risk-taking among banks which are more likely to rely 
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on local investors and executives such as smaller banks and banks which likely have higher local 

ownership. Moreover, this effect is more pronounced among banks with higher individual 

ownership, consistent with the notion that risk-aversion induced by religiosity is likely to affect 

individual investors more than it affects institutions. 

Admittedly, religiosity as a risk-aversion proxy comes with a measurement error because 

religious adherence might have other implications in addition to financial conservatism and risk-

aversion. However, any attenuation bias due to this error should only bias us against finding 

significant results. A potentially more concerning issue is that religiosity might measure other 

factors that are omitted from our estimation models, which might bias our results. We deal with 

this issue of omitted variables by controlling for many bank-specific and county-level variables 

identified by the previous literature to be important in predicting bank risk. In addition, in 

robustness tests, we rule out several stories about endogeneity with economic reasoning and 

econometric tests such as propensity score matching and an instrumental variables technique 

(2SLS). We also analyze large changes in local religiosity to mitigate a potential bias coming 

from location-specific fixed factors omitted from the regression. Finally, we investigate the 1998 

and 2007-08 financial crises as quasi-exogenous shocks to the banking system. All of these 

analyses support a causal relation between local religiosity and risk-taking by banks. 

This paper contributes to the literature in several ways. To our knowledge, this is the first 

empirical study to examine a behavioral explanation of risk-taking by banks. By focusing on the 

financial sector’s risk-taking behavior, which can have a first-order effect on economic stability 

and growth, this study provides new evidence regarding the role of religiosity on the economy. 

Second, our paper on risk-taking by financial firms complements Hilary and Hui’s (2009) study 

of risk-taking by non-financial firms. In addition, we analyze crisis periods, uncover potential 
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bank policies that contribute to the risks, and attempt to identify investors’ and managers’ risk 

preferences as channels through which local religiosity affects bank risk-taking.  

Third, this study also contributes to the recent literature examining the effects of financial 

crises on banks. Numerous recent studies examine the causes and consequences of risk-taking by 

financial firms, especially how bank policies, practices and regulations led to their fates during 

the crises.26 Our paper is related to FPS (2012), who suggest that some banks perform poorly in 

successive crises due to a persistent risk culture or some aspects of their business models. This 

paper uncovers one source of persistence in a bank’s risk culture, namely risk-attitudes induced 

by local religiosity. Our paper also complements Ellul and Yerramilli (2013), who find that 

banks with better pre-crisis risk control measures such as a stronger and more independent risk 

management function face less risk during the recent crisis. Our results suggest that financial 

conservatism instilled into a bank’s culture by local religiosity can serve as an effective risk 

control mechanism. 

More broadly, this study contributes to the emerging literature that examines how local 

demographics, culture, and religion influence firms and financial markets. For instance, Stulz 

and Williamson (2003) document a strong influence of religion on creditor rights across 

countries. Several studies find that firms located in more religious areas are less likely to be 

involved in accounting irregularities, tax avoidance, unethical behaviors, and stock price crashes 

(see McGuire, Omer and Sharp (2012), Boone, Khurana and Raman (2012), Grullon, Kanatas 

and Weston (2010), and Callen and Fang (2014)). Other studies examine the effects of local 

preferences on firms’ dividend policies and innovative activities (e.g., Becker, Ivković and 

                                                 
26 Notable explanations include corporate governance and regulation (see, e.g., Beltratti and Stulz (2013)), 

executive compensation (Fahlenbrach and Stulz (2011)), bank capital (Berger and Bouwman (2013)), risk 

control measures (Ellul and Yerramilli (2013)), and risk culture and business models (e.g., FPS (2012)). 
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Weisbenner (2011), and Adhikari and Agrawal (2014)), and on characteristics of institutional 

investments (e.g., Kumar, Page and Spalt (2011)).   

The paper proceeds as follows. Section 2 briefly reviews the related literature and 

develops testable hypotheses. Section 3 describes the data and presents summary statistics. 

Section 4 presents our main analysis of the effect of religiosity on bank risk and valuations. 

Section 5 presents several robustness checks of the main results. Section 6 discusses the 

influence of religiosity on bank risk and performance in the two major financial crises during our 

sample period. Section 7 examines potential mechanisms underlying the differences in risk 

outcomes. Section 8 examines some secondary predictions of our main conjectures, such as the 

roles of local preferences and institutional investors. Section 9 concludes the paper. 

4.2 Related literature and hypotheses 

The literature in organizational psychology provides a strong rationale for why individual 

preferences would influence firm behavior. For instance, Hambrick and Mason (1984) argue that 

managerial characteristics partly predict organizational strategic choices and performance. 

Similarly, Schneider (1987)’s ‘attraction-selection-attrition’ framework asserts that ‘people make 

the place’ and people’s attributes are the fundamental determinants of organizational behavior. 

The basic premise of this framework is supported by subsequent studies in this literature (see 

Schneider, Goldstein and Smith’s (1995) review) and mounting evidence from the financial 

economics literature that personal traits and beliefs of key people in an organization affect its 

policies. For instance, prior studies find that managers’ personal preferences and styles 

significantly influence firms’ investment and financing decisions (see, e.g., Bertrand and Schoar 

(2003), Malmendier and Tate (2005), Malmendier, Tate and Yan (2011), Cronqvist, Makhija and 

Yonker (2011), and Hirshleifer, Low and Teoh (2012)). In addition, investors’ preferences are 
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also likely to affect firm policies (see, e.g., Becker, Ivkovic, and Weisbenner (2011)). So banks 

that operate in social environments with different risk-preferences should exhibit different risk-

taking behaviors. 

Understandably, part of the reason for the lack of research in this area is the difficulty in 

observing individual risk-preferences. While direct measures of individuals’ risk-preferences are 

not readily available to researchers, previous studies in many socio-economic disciplines have 

recognized religiosity as a valid proxy for risk-aversion.27 Recent literature in financial 

economics has also employed a community’s level of religiosity as a proxy for the risk-aversion 

of local residents in a variety of contexts. In general, this literature links religious adherence to 

two related behaviors: 1) lower risk-taking (e.g., Hilary and Hui (2009), McGuire, Omer and 

Sharp (2012), Boone, Khurana and Raman (2012), Noussair et al. (2013)), and 2) lower 

involvement in questionable activities (e.g., Grullon, Kanatas and Weston (2010), and Callen and 

Fang (2014)). Potential explanations of these behaviors might be that most religions teach their 

followers to be modest with financial pursuit, to prioritize spiritual engagement over monetary 

gain, and to place trust in God for relief in times of fiscal and other hardships. Moreover, for 

religious people, utility from spiritual endeavors might substitute utility from monetary gain, 

which usually requires taking financial risks. Together, these notions might explain why 

religiosity predicts conservatism in financial decision-making.  

There are at least two channels through which greater risk-aversion of local residents 

induced by their religiosity can affect bank risk-taking. First, top executives of firms are often 

either local (see, e.g., Yonker (2012)) or adopt dominant local norms. Moreover, top executives 

are usually under-diversified because their human capital and much of their financial wealth is 

                                                 
27 See, e.g., Miller and Hoffmann (1995), Diaz (2000), Halek and Eisenhauer (2001), and Osoba (2003). 
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invested in the banks they work for, so they care greatly about bank-specific risk. Second, the 

literature on local bias suggests that investors hold disproportionately more local stocks in their 

portfolios (see, e.g., Coval and Moskowitz (1999), Grinblatt and Keloharju (2001), and Ivković 

and Weisbenner (2005)), which can make them under-diversified and make bank-specific risk 

important for them (see, e.g., Goyal and Santa-Clara (2003)). Moreover, firms benefit from 

catering to local investor preferences (see, e.g., Becker, Ivković and Weisbenner (2011)). In sum, 

higher local religiosity represents higher risk-aversion of banks’ local investors and managers, 

which should induce banks to take less risk. This notion leads to our first testable hypothesis: 

H1: Banks headquartered in counties with higher levels of religiosity take less risk. 

If the risk-aversion of key stakeholders induced by religiosity leads banks to take less 

risk, it possibly narrows these banks’ investment opportunity sets because policies with higher 

expected payoffs but higher ex ante risks become infeasible. Moreover, investors become 

overconfident during market upswings and their discount rate decreases (see, e.g., Gervais and 

Odean (2001)), so riskier bank policies with higher expected payoffs command higher market 

valuations. Consistent with this notion, Calomiris and Nissim (2012) find that in non-crisis times, 

riskier policies such as higher leverage and non-interest income contribute more to banks’ 

market to book ratios, compared to crisis and post-crisis times. These arguments imply our 

second testable hypothesis: 

H2: Banks in more religious areas have lower market valuations during normal times. 

The hypothesis of a negative relation between local religiosity and bank risk-taking 

assumes that religiosity represents the risk preferences of local investors and managers, who are 

either local or adopt dominant local values.  Obviously, local investors and local managerial 

labor markets are not equally important to all banks. For instance, local investors’ preferences 
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are perhaps less important to large banks, which are highly visible and have large and disperse 

shareholder bases.28 Moreover, as Yonker’s (2012) findings imply, these large banks are less 

likely to have a critical mass of local residents in the top management team because they do not 

depend on the local managerial labor market. These arguments imply our third testable 

hypothesis: 

H3: The effect of local religiosity on bank risk-taking is more negative among banks for 

which local investors and local managers are more important. 

4.3 Data and summary statistics 

To test these hypotheses, we make use of Compustat Bank Fundamentals database of 

publicly traded depository institutions in the United States, and examine their risk-taking 

behavior. We focus the analysis only on U.S. banks for reasons similar to Hilary and Hui (2009). 

While there is more variation in religiosity across countries, it is often confounded with a 

country’s legal and institutional characteristics that are difficult to separate from religion. The 

U.S. offers a more controlled but dynamic setting well-suited for testing our hypotheses. 

Following the previous literature, we consider a bank’s location as the location of its 

headquarters. This approach is reasonable because, as Pirinsky and Wang (2006) note, 

headquarters are usually close to a firm’s core business activities. Also, following prior studies, 

we assume a contagion effect of local culture, i.e., residents are influenced by the dominant local 

culture even if they do not adhere to it.29  

Our sample period starts in 1994, the first year with a complete coverage of all bank-

related variables needed for our analysis, which became available as a result of the enforcement 

                                                 
28 Consistent with this idea, Becker, Ivković and Weisbenner (2011) find that firms for which local investors 

are economically more important are more likely to respond to their demand for dividends. 
29 Consistent with this idea, Guiso, Sapienza and Zingales (2003) find that people who are raised religiously 

exhibit some common beliefs and preferences, even if they reject religion as adults. 
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of Basel I; it ends in 2010, the last census year and the last year that data on religion is available. 

Further, we limit the sample to depository institutions (i.e., those which report tier 1 capital ratio) 

to ensure that the analysis is not unduly influenced by non-comparable business practices and 

differences in regulatory environments. Our sample period covers the two recent major financial 

crises of 1998 and 2007-08, which we examine separately as quasi-exogenous shocks to the 

banking system to improve identification. We describe our data sources below. 

4.3.1 Religiosity and demographics 

Data on religion come from the Churches and Church Membership files of the American 

Religion Data Archive (ARDA) website, which contains county-level religion statistics on 133 

Judeo-Christian bodies every ten years. For the main analysis of this paper, we use the datasets 

for 1990, 2000, and 2010. Following the previous literature (e.g., Alesina and La Ferrara (2000), 

and Hilary and Hui (2009)), we obtain estimates for the intermediate years by linearly 

interpolating the decennial data. We also use the 1952 data to construct an instrumental variable. 

Data related to most other county-level variables come from the U.S. Census Bureau, 

which provides information on several demographic and economic characteristics (e.g., age, sex, 

race, education, income and the proportion of married couples) for each US county for several 

years. We obtain the county-level data on popular votes cast for Democratic and Republican 

presidential candidates from the U.S. Census Bureau, and state-level quarterly house price 

indices from the Federal Housing Finance Agency’s website. Again, when the data are available 

only at larger than annual intervals, we linearly interpolate to obtain estimates for the 

intermediate years. Our regressions control for these county-level variables.  
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4.3.2 Bank financials and headquarters locations 

Our main source of bank data is the Compustat Bank Fundamentals annual file, which 

contains financial data on publicly traded US depository institutions. For a part of the analysis, 

we also obtain some data from FR Y-9 statements of bank holding companies from the Bank 

Regulatory database accessed via Wharton Research Data Services (WRDS). We use the CRSP-

Compustat merged file to obtain stock returns and headquarter locations. Data on institutional 

ownership comes from 13F files via Thomson Reuters, and data on CEO compensation come 

from ExecuComp. Most of our analysis consists of 1,459 unique banks, yielding about 10,000 

bank-years of observations. Sample sizes vary across the regressions of different dependent 

variables based on data availability. 

4.3.3 Measuring religiosity, bank risk and value 

 For the main analysis, we follow the previous literature (e.g., Hilary and Hui (2009) and 

McGuire, Omer and Sharp (2012)) and measure a county’s Religiosity as the number of religious 

adherents as reported by ARDA divided by the county’s population in a year. Following prior 

studies, we construct three stock return-based measures of bank risk, namely total risk, tail risk 

and idiosyncratic risk, and one financial statement-based internal measure of bank risk, namely a 

bank’s z-score. Total Risk is the standard deviation of a bank’s daily stock returns during the 

fiscal year; it is the risk caused by both bank-specific and systematic factors. Tail Risk is based 

on Acharya et al.’s (2010) expected short-fall measure, which is average risk conditional on 

returns being less than some “α”-quintile. Tail risk is an important risk measure for banks 

because it estimates how much a bank is likely to lose in extreme adverse events or crises.30 

Following Acharya et al. (2010) and Ellul and Yerramilli (2013), we define tail risk as the 

                                                 
30 In other words, tail risk is the expected loss conditional on loss being greater than Value-at-Risk (VaR). 
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negative of the average of the 5% worst daily returns (i.e. α = 5%) of a bank’s stock over the 

fiscal year. The third variable of interest is Idiosyncratic Risk, which measures risks coming from 

a bank’s own actions. We calculate Idiosyncratic Risk as the standard deviation of residuals 

obtained from Fama-French and Carhart’s four-factor regression estimated using daily stock 

returns for a fiscal year.  

Following the previous literature (see, e.g., Laeven and Levine, 2009), we examine a 

bank’s z-score as an internal measure of its solvency. A higher z-score indicates that a bank is 

more solvent. For each bank-year, we construct the z-score by adding the bank’s return on assets 

(ROA) to its capital to assets ratio (CAR) and dividing the sum by the standard deviation of 

ROA (i.e., 
𝑅𝑂𝐴+𝐶𝐴𝑅

𝜎(𝑅𝑂𝐴)
).31 Following the prior literature, we take the natural logarithm of the z-score 

to reduce its skewness and multiply it by -1 to make a larger number reflect a higher risk 

(ZScoreInverse). 

We measure a bank’s valuation using Tobin’s Q, computed as the book value of assets 

plus the market value of equity minus the book value of equity, divided by the book value of 

total assets. As Laeven and Levine (2007) point out, Tobin’s Q is a valuation measure that can be 

used to compare banks, without the need to adjust for risk or leverage. 

Our regressions control for a number of bank characteristics that are likely to influence 

banks’ risk-taking behavior (see, e.g., Ellul and Yerramilli (2013)). Accordingly, we control for 

bank size, profitability (ROA), fraction of non-performing assets (NPL Ratio), loans to assets 

ratio, deposits to assets ratio, tier 1 capital ratio, fraction of non-interest income, and a dummy 

                                                 
31 The probability that current losses would exceed the capital is less than or equal to 1/z2 (see, Roy(1952)), 

so an increase in z-score implies a decrease in the upper-bound on the probability of default, i.e., suggests 

a greater distance to default. The z-score calculated this way is a time-varying measure because the 

numerator changes every year, even though the denominator varies only in the cross-section. 
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variable for M&A activities. In regressions of z-score, we do not control for ROA and tier 1 

capital ratio because z-score is calculated by using ROA and capital ratio. In addition to bank-

specific variables, we also control for a number of contemporaneous county-level variables such 

as population, age structure, education (fraction of college graduates), female and minority 

population ratios, fraction of Republicans, and state-level real per capita income. We also control 

for state-level lagged house price growth. All regressions include year fixed effects and are 

estimated with standard errors that are corrected for heteroskedastity and are clustered at the 

bank level.32 The Appendix defines all the variables in our regressions. 

Panel A of table 1 presents summary statistics at the county level, where an observation 

corresponds to the latest year of available data for a county in which a bank exists or has ever 

existed during our sample period. Most of our analysis covers about 673 (out of over 3,000) U.S. 

counties that contain the headquarters of at least one publicly-traded bank. A mean (median) of 

about 49% (48%) of a county’s residents adhere to any religion.  The mean (median) state-level 

deflated per capita income is $46,470 ($42,234) in 2005 dollars. The population distribution 

across counties is highly skewed, with a mean (median) population of about 270 (114) thousand. 

About 24% of a county’s residents are college graduates and about 51% of the population is 

female. The typical (i.e., median) bank is located in an urban area (rural urban continuum <=3), 

with a minority population of about 11%. A county has both mean and median age group of 

about 8, which corresponds to 35 to 40 year olds. The state-level mean (median) growth rate of 

house prices is 1% (0.4%) per year. Compared to the typical US county (untabulated), the 

counties in our sample are more highly populated, have more educated residents, have higher per 

capita incomes and are slightly less religious. 

                                                 
32 As discussed in section 4.5, all of our main results hold when clustering standard errors at the county 

level. 
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Panel B displays summary statistics at the bank-year level, which we later use to infer the 

economic significance of our regression estimates. Due to the non-uniform distribution of bank-

years across counties, the summary statistics at the county and bank–level are not identical. The 

average bank-year corresponds to a county which has 51.6% of its population as religious 

adherents, among which 22.3% are Catholics, 24.8% are Protestants, and 2% are Jewish. The 

average annual total, tail and idiosyncratic risks are 0.027, 0.056 and 0.025 respectively, with the 

negative of the natural log of z-score (ZscoreInverse) of -3.13 and Tobin’s Q of 1.044. All 

continuous variables are winsorized at 1% in both tails. 

4.4 Baseline results 

We begin by showing some preliminary relations among our key variables of interest via 

univariate tests and correlations in section 4.4.1, followed by multivariate tests in section 4.4.2. 

4.4.1 Sorting results and correlations 

Panel A of Table 2 presents the means of our main dependent variables of interest, viz., 

Total Risk, Tail Risk, Idiosyncratic Risk, ZScoreInverse and Tobin’s Q across the three terciles of 

the counties’ Religiosity levels. The terciles are formed each year during the sample. The last 

column of Panel A shows the point estimates and statistical significance of the differences in the 

means of these variables between the highest and the lowest terciles. 

As expected, there is a monotonic decrease in the means of Total Risk, Tail Risk and 

Idiosyncratic Risk across increasing religiosity terciles. Moreover, for each of the three variables, 

the mean of the highest religiosity tercile is statistically different from the mean of the lowest 

tercile. For ZscoreInverse and Tobin’s Q, while the decrease is not monotonic, the average of the 

top tercile is less than the average of the bottom tercile, and the difference is statistically 

significant for ZscoreInverse. 
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Panel B of Table 2 presents the unconditional pairwise correlations among some key 

variables of interest, where all non-italicized correlation coefficients are significantly different 

from zero at the 5% level or better. As expected, the univariate correlations between Religiosity 

and all measures of bank risk are negative and statistically significant. Size is negatively 

correlated but Size2 is positively and significantly correlated with the first three measures of risk. 

Moreover, the correlation between Religiosity and Tobin’s Q is also negative. All risk variables 

are negatively correlated with ROA and are positively correlated with the ratio of nonperforming 

loans to total loans (NPL Ratio). Most of the county-level control variables are significantly 

correlated with bank risk and valuation measures. Therefore, our regressions control for these 

county-level variables, in addition to bank-level variables. 

4.4.2 Multivariate analysis 

The univariate analysis suggests that the level of a county’s religiosity is negatively 

related to the levels of bank risk and valuation. We now examine whether these relations hold 

after controlling for other potential determinants of bank risk and valuation. We estimate the 

following regression: 

BankRiski,k,t or BankValuei,k,t = α + βReligiosityk,t + γBankLevelControlsi,t + 

δCountyLevelControlsk,t + Yeart + εi,k,t,       (1) 

where i, k and t index bank, county and year, respectively. The dependent variable 

BankRisk is one of our four measures of bank risk, and BankValue is a bank’s Tobin’s Q as a 

measure of its market valuation. BankLevelControls is a vector of bank-specific control variables 

similar to those used by Ellul and Yerramilli (2013). Specifically, we control for size using the 

natural logarithm of book value of total assets. Since size might have a nonlinear effect on risk 

and valuation, we also control for size-squared. Following Ellul and Yerramilli (2013), we 
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orthogonalize size and size-squared before using them in the regressions because these two 

variables are very highly correlated. Other control variables include measures of profitability 

(i.e., ROA), balance sheet composition such as the ratio of deposits to assets, tier 1 capital ratio, 

loans to assets ratio, non-interest income to total income ratio, and the ratio of nonperforming 

loans to total loans. In addition, we control for a bank’s engagement in M&A activities by using 

a dummy variable indicating non-zero acquisition expense. To mitigate the possibility of reverse 

causality, all bank level control variables are lagged by one year in the regressions. 

CountyLevelControls is a vector of contemporaneous county-level control variables, 

which comprise of a number of demographic and economic indicators similar to those used by 

related previous studies (see, e.g., Hilary and Hui (2009), and Kumar, Page and Spalt (2011)). 

These control variables help reduce the concerns about an omitted variables bias arising from the 

possibility that Religiosity might be correlated with other location-specific characteristics 

important for bank risk-taking. Specifically, we control for county population, education level as 

proxied by the proportion of college graduates, age composition, female population ratio, 

minority population ratio, the dominant political belief proxied by the fraction of Republican 

voters, and state-level real per capita income. In addition, we control for lagged concentration of 

local banks, calculated as the Herfindahl-Hirschman index (HHI) of deposits among banks 

headquartered in the county during the year, as a measure of local bank competition. Finally, 

recognizing the role of the local housing market for banks’ risk-taking behavior, we control for 

the lagged house price growth rate in the state of a bank’s headquarters. All the variables in the 

regressions are defined in the Appendix. 

Panel A of Table 3 presents the results of regressions of different measures of bank risk 

and valuation using the full sample.  In column 1, Religiosity obtains a negative coefficient in 
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explaining Total Risk and is statistically significant at the 1% level. Consistent with our 

hypothesis, this result suggests that banks located in more religious areas exhibit lower stock 

return volatilities after controlling for a host of bank-specific and county-specific variables. In 

economic terms, the estimated coefficient of -0.006 on Religiosity suggests that a one standard 

deviation increase in the fraction of religious adherents leads to a decrease of about 0.0007 (=-

0.006*0.124) in Total Risk, which is about 4.1% of its standard deviation.  

Similarly, in column 2 Religiosity assumes a negative and highly significant coefficient in 

predicting Tail Risk. The point estimate of -0.012 suggests that, on average, banks in more 

religious counties experience less extreme negative returns. In terms of economic significance, a 

one standard deviation increase in Religiosity leads to a decrease of 0.0015 in Tail Risk, which is 

about 4.4% of its standard deviation. 

In column 3, the results are similar when we examine Idiosyncratic Risk, which captures 

the risk caused by a bank’s own actions, rather than by systematic factors. The religiosity 

variable once again obtains a negative and statistically highly significant coefficient in 

explaining Idiosyncratic Risk. This result reveals that higher level of local religiosity leads to less 

risk that arises because of a bank’s own actions. Here, a one standard deviation increase in local 

religiosity leads to a decrease in idiosyncratic risk by 4.4% of its standard deviation. 

To offer a big picture of the economic significance of these effects, we compare the 

economic magnitude of Religiosity in predicting risks to that of Non-interest Income, which 

previous studies have found to be of first-order importance for bank risk (see, e.g., DeYoung and 

Roland (2001), Stiroh and Rumble (2006), and Brunnermeier, Dong and Palia (2012)). Similar 

calculations reveal that a one standard deviation decrease in Non-interest Income leads to 
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decreases in total, tail, and idiosyncratic risks by 4.3%, 4.3%, and 3.4% of their respective 

standard deviations, which are comparable to the impact of local religiosity. 

We next examine whether local religiosity also affects an internal measure of a bank’s 

risk, viz. its ZScoreInverse, widely used in the banking literature as a measure of a bank’s 

proximity to default. Column 4 presents the estimate of the regression of ZScoreInverse. Control 

variables include all the variables in column 1 to 3 except tier 1 capital ratio and ROA because 

similar variables are used to compute the z-score. The regression of ZScoreInverse also obtains a 

negative coefficient on Religiosity, which is statistically significant at the 1% level. Since 

ZScoreInverse is a measure of proximity to default, the negative coefficient implies that banks in 

more religious areas tend to remain farther from default than those in less religious areas. In 

economic terms, the estimated coefficient of -0.752 suggests that a one standard deviation 

increase in the fraction of local religious adherents decreases ZScoreInverse by .093, which is 

about 7.9% of its standard deviation. All these results support our first hypothesis that banks 

headquartered in counties with higher levels of religiosity take less risk. 

Most control variables obtain expected signs in predicting the risk variables. Bank size 

has a nonlinear effect on the first three measures of risk. Specifically, negative coefficient 

estimates on Size but positive on Size2 suggest that larger size helps reduce risks up to a point 

(perhaps because of diversification), after which size contributes positively to risk (plausibly due 

to the acquisition of riskier assets). Not surprisingly, profitability (ROA) is negatively related to 

risk, while NPL Ratio is positively related to it. Better capitalized banks (with higher Tier 1 

Capital Ratio) exhibit lower risks.  Consistent with prior findings, the share of non-interest 

income is positively related to risk, implying that banks which generate more income from non-

traditional banking activities are exposed to higher risks. Among county-level control variables, 
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local population size seems to have a positive effect on bank risk, suggesting that opportunities 

created by larger local populations motivate banks to take more risk. There is some evidence that 

banks that are located in low-income areas and areas with larger minority populations exhibit 

higher risk. 

Finally, in column 5, we investigate the effect of religiosity on the market valuation of 

banks as measured by their Tobin’s Q. After controlling for numerous bank-level and county-

level variables, Religiosity negatively predicts a bank’s Tobin’s Q. This result suggests that 

holding other determinants of a bank’s valuation constant, banks in more religious counties tend 

to be valued less by the market. The point estimate of -0.029 implies that a one standard 

deviation increase in local religiosity decreases a bank’s Tobin’s Q by 0.0036, which is about 

5.6% of its standard deviation.  

Our sample period covers two major crisis episodes that significantly affected US 

financial institutions. The first is the crisis caused by Russia’s default on its debt, which led to a 

collapse of Russian stock and bond markets on August 13, 1998. The second is the recent U.S. 

financial crisis of 2007-08, triggered by the collapse of housing markets. So one concern is 

whether these results are driven by crisis periods, which often bring about large structural breaks 

in risk and return distributions. Moreover, since religiously is measured at the county level, 

another worry is that the observed relation between local religiosity and risk may be an artifact of 

differences in banks’ exposure to local real estate markets during the latter crisis. 

To address these issues, we repeat all the regressions by excluding fiscal years 1998 (if 

they end in August or later), 2007 and 2008 from the sample.33 This subsample also allows us to 

test our second hypothesis that banks in more religious areas have lower market valuations 

                                                 
33 We define the crisis periods similarly to FPS (2012) and Ellul and Yerramilli (2012).  
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during normal times. Panel B of Table 1 shows the results of the regression on this sub-sample. 

For brevity, we report only the coefficients on Religiosity. All our results from the full sample 

analysis continue to hold in this sub-sample for each of the risk and valuation measures, 

verifying that these results are not merely driven by crises and banks’ exposure to local real 

estate markets. However, in most regressions, both point estimates and t-statistics on Religiosity 

decrease slightly, which suggests that the relation between local religiosity and bank risk became 

more negative during the crises. Moreover, prior studies find that crisis periods are special and 

are worth studying separately. So in section 4.6, we analyze whether the relation between local 

religiosity and risk-taking changes during the crises. 

4.5 Robustness 

4.5.1 Alternate specifications 

We next conduct a rich set of robustness tests of our main results. In general, these tests 

examine if the results hold in different subsamples, and other plausible specifications including 

those aimed at mitigating endogeneity concerns.  Table 4 summarizes these results. The five sets 

of two columns each show the regression estimates of Total Risk, Tail Risk, Idiosyncratic Risk, 

ZScoreInverse and Tobin’s Q, respectively. For each variable, the first column reports the 

coefficient estimate on Religiosity, followed by the numbers of observations. Row 0 reports the 

results from our baseline specification in Table 3, Panel A for comparison. 

First, since our main variable of interest is the level of religiosity of the county of a 

bank’s headquarters, one concern is whether the results are driven by a few banks in highly 

religious or highly secular areas. As shown in row 1, our conclusions remain unchanged when 

we exclude all the counties in the five most religious U.S. states (MS, UT, AL, LA, and AR) 
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from the sample. Results also hold when we exclude all the counties in the five least religious 

states (VT, NH, ME, MA, and RI), as shown in row 2.  

We next examine whether our results are driven by California and New York, the two 

states with the largest financial centers. In row 3, our results are essentially unchanged when we 

exclude these two states from the sample. Note that row 2 excludes Massachusetts, another state 

with a large financial center. 

The next robustness test examines the influence of ‘too-big-to-fail’ banks which likely 

have greater incentives to take risks because they believe they would be bailed out by the 

government, if they get into trouble. Since most of these big banks are located in large cities, 

which tend to be more secular, a potential concern is whether these few banks might be driving 

our results. Because there is no official definition of ‘too-big-to-fail’, we follow Berger et al. 

(2013) and exclude all bank-years with real total assets that exceed $100 billion from the sample. 

In row 4, all our conclusions remain intact when we do so. This finding suggests that our results 

are not driven by these very large banks. 

Endogeneity is less of a concern for our analysis because counties’ cultural compositions, 

including religiosity usually predate our sample banks, and remain fairly stable over time. So, 

our main explanatory variable of interest, the level of a county’s religiosity, is mostly exogenous 

to the policies of local banks. However, one can argue that an endogeneity problem might arise 

because banks self-select their locations according to their business models and risk-preferences. 

For instance, to take advantage of local investor or executive preferences for risk, riskier banks 

might locate in places with more risk-tolerant residents. Alternatively, a county’s demographic 

composition, including its religiosity, might respond to the policies of local firms. For instance, 

people seeking employment and investment opportunities may move to places that are culturally 
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closer to their preferences, including preferences about risk. These possibilities add to the 

challenge of establishing a causal link between local religiosity and bank risk. 

To address the self-selection of bank location, we employ a propensity score matched 

(PSM) treatment effect model to control for the possibility that banks choose their locations 

according to their characteristics. Specifically, for each year, we partition the counties in our 

sample into three terciles by Religiosity: least religious, moderately religious, and most religious. 

Then, employing a logit model which uses the full set of control variables in table 3, we predict 

the probability of a bank being located in one of the most religious counties. Then using the 

nearest neighborhood of the probability, for each bank that is actually located in a county in the 

highest tercile of religiosity (i.e., the treatment sample), we find another bank located in one of 

the least religious counties with the closest propensity score (i.e., the control sample). We expect 

the average risk of the bank-years in the treatment group (i.e., those located in the most religious 

counties) to be smaller than those in the propensity score matched control sample (i.e., those 

located in the least religious counties, but that are almost equally likely to be located in the most 

religious counties). Row 5a, which reports the average treatment effect of the treated (ATET), 

shows that, consistent with this prediction and the results from our baseline specification, banks 

in the most religious counties exhibit significantly less risk and lower market valuations than 

those in the least religious counties, even after controlling for the possibility of self-selection.  

Next, to address the issue of endogenous movement of demographics,  we employ a two-

stage least squares (2SLS) method, where we use a county’s religiosity in 1952, the first year that 

ARDA collected such data, as an instrument for its contemporaneous religiosity. This 

identification strategy is an improvement over those of Hilary and Hui (2009) and Kumar, Page 

and Spalt (2011) who use lagged religious compositions as an instrument. This instrument 
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satisfies the relevance criterion because 1952’s level of religiosity is likely to be highly 

correlated with the current level of religiosity because of path-dependence. Importantly, since 

this instrument is historical and time-invariant, it plausibly satisfies the exclusion restriction. Our 

sample starts in 1994 and ends in 2010, so it is unlikely that the cross-sectional variation in 

religiosity of 42 to 58 years in the past directly affects a bank’s current policies, except through 

its influence on current religiosity. Moreover, it is unlikely that people choose where to locate 

based on their expectations about the policies of local firms several decades in the future. In row 

6, this approach also yields significant results that are qualitatively similar to our baseline results. 

So the observed positive relations between local religiously and bank risk-taking or valuation are 

unlikely to be driven by endogenous shifts in demographics. 

The next robustness check aims at testing whether bank-specific unobserved 

heterogeneity is driving our results. If the explanatory variable of interest has substantial time-

series variation, unobserved heterogeneity across banks is best controlled by using a bank fixed-

effects model. But that model is inappropriate here due to limited time-series variation in the 

level of a county’s religiosity. So we employ a random effects model, which relies on stronger 

assumptions about the error correlation structure, but can estimate the effect of time-invariant 

covariates in panel data.34 We correct the standard errors for heteroscedasticity and cluster within 

banks. In row 7, the results from the random effects model are similar to those from our main 

specification. 

To address the possibility that the policies of different banks located in a given county 

might be correlated, we cluster the standard errors at the county level instead of bank level. In 

row 8, our results remain essentially unchanged when we do so.  

                                                 
34 In section 4.5.2, we employ an alternate approach to tackle this issue by examining counties that 

experience large changes in religiosity. 
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The final robustness test examines whether our results are driven by time-invariant 

regional heterogeneity rather than religiosity. To do so, we control for dummy variables 

representing broad geographic regions of the U.S.: Southeast, Midwest, Southwest, and the West 

(Northeast is the omitted dummy variable). This exercise poses a big hurdle to statistical 

significance because Religiosity tends to have limited cross-sectional variation within a region so 

these regional dummies subsume at least a part of the effect of religiosity. Despite this, in row 9 

Religiosity continues to take a negative sign in predicting all risk and valuation measures and is 

highly statistically significant in four out of the five regressions. 

4.5.2 Analysis of large changes in county religiosity 

The analysis in this section aims at mitigating any lingering concerns that county-specific 

fixed factors might be driving the observed relations. The level of a community’s religiously 

tends to change very slowly, making it impractical to implement a bank fixed-effects model to 

examine the relation between year-by-year variation in within-bank religiosity and risk-taking. 

To get around this issue, we estimate the effects of large changes in local religiosity over a 

longer period of time on changes in bank risk-taking. Specifically, we employ the following 

parsimonious regression model in which five-year changes in counties’ religiosity explain the 

changes in bank risk-taking over the same period.  

∆5(BankRisk) = bo + b1 Large∆5Religiosity + b2 Small∆5Religiosity + year fixed effects, 

where ∆5(BankRisk) = BankRiskt – BankRiskt-5; and Large∆5Religiosity 

(Small∆5Religiosity) = 1, if [Religiosityt – Religiosityt-5] is in the top (bottom) quintile of the 

sample during year t; and 0 otherwise. As always, standard errors are corrected for 

heteroscedasticity and clustered within banks.  
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Our first hypothesis implies that (b1 – b2) < 0, i.e., banks that experience the largest 

increase in local religious populations decrease their risks significantly more than those that 

experience the smallest increase in such populations.  For this analysis, we exclude 2007 and 

later years because the financial crisis might have radically changed the demographic 

compositions of some counties due to the success or failure of local institutions, which makes the 

inference of cause and effect difficult. In untabulated results from the regressions of each of the 

four risk variables, Total Risk, Tail Risk, Idiosyncratic Risk, ZScoreInverse, (b1, b2) pair obtains 

point estimates of (-0.002, 0.001),  (-0.004, 0.002), (-0.002, 0.001), and (-0.042, 0.017) with t-

statistics pairs of (-2.40, 1.26), (-2.36, 1.03), (-2.19, 1.35), (-2.01, 0.96) respectively. More 

importantly, consistent with our hypothesis and confirming our baseline results, the estimates of 

(b1 – b2) are different from zero at the 1% level of statistical significance for all four measures of 

risks. Although not bulletproof, these results suggest a dynamic influence of local religiosity on 

bank risk, and offer some assurance that fixed county characteristics are not driving the observed 

results. 

4.6 Analysis of financial crises 

4.6.1 Influence of crises on the relation between religiosity and risk or value  

The financial crises of 1998 and 2007-08 are interesting periods because the ramifications 

of these crises on banks were largely unpredicted. Recent studies find that bank cultures and 

policies such as CEO pay, risk management and business models that prevailed before the crisis 

contributed to banks’ fates during the crisis (see, e.g., Berger and Bouwman (2013), Ellul and 

Yerramilli (2013), FPS (2012)). Therefore, these episodes offer another experimental setting to 

help establish a causal relation between local religiosity and risk because the shocks to the banks 
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were quasi-exogenous, unexpected and simultaneous.35 As Hutton, Jiang and Kumar (2013) 

suggest, the differences in risk outcomes from such shocks can be attributed to differences in 

banks’ management styles after controlling for other relevant factors.36 We employ the following 

regression specification to investigate whether the relation between local religiosity and bank 

risk became more prominent during the peak of the crises:  

BankRiski,k,t or BankDistressi,k,t or BankValuei,k,t = α + β1Religiosityk,t + β2Religiosityk,t*Crisist + 

β3Crisist + γBankLevelControlsi,t + δCountyLevelControlsk,t + Yeart,-Crisis + εi,k,t  

 (2) 

This regression framework is similar to specification (1) in section 4.4, except that we 

introduce the crisis period dummy (Crisis) and its interaction with Religiosity as two additional 

explanatory variables. Following FPS (2012) and Ellul and Yerramilli (2012), we define Crisis 

as fiscal years 1998 (if it ended in August or later), and 2007 and 2008. Even though the recent 

financial crisis did not end in 2008, the prior literature considers years 2007 and 2008 as the most 

relevant period because later losses were mostly driven by uncertainty regarding government 

takeover of banks. Yeart,-Crisis stands for year fixed effects except for years 1998, 2007 and 2008, 

which are controlled by the Crisis variable. Other control variables are the same as in the 

regression specification (1) in section 4.4. The coefficient estimate of β2 captures the incremental 

influence of local religiosity on bank risk and performance during the crises. Importantly, at least 

part of β2 can be considered a causal effect because, to the extent that crises are unexpected, the 

matching of local culture and bank policies is exogenous to the crisis (see Custódio and Metzger 

                                                 
35 For example, Brockman, Nikolic and Yan’s (2014) findings suggest that insiders of financial firms were 

unaware of the timing and extent of the financial crisis. 
36 Custódio and Metzger (2013) also exploit unexpected changes in business conditions to parse out the 

causal effect of CEOs’ financial expertise on firm policies. 
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(2013)).37 Finally, we analyze two more dependent variables to illustrate differences in the extent 

of banks’ financial distress during the crises. 

Columns 1 to 4 of Table 5 present the regressions of our four risk measures. Columns 5 

and 6 introduce the two new dependent variables, namely non-performing loans (NPL Ratio) and 

dividend payout (Div. Payout). The first thing to notice in Table 5 is the effect of crises on our 

four risk variables. The positive and highly significant coefficient on the Crisis variable suggests 

that during crises, all banks on average experience higher total and idiosyncratic volatilities, face 

more extreme price drops (tail risk), and move closer to default (the inverse of z-score). More 

importantly, the main explanatory variable of interest, Religiosity*Crisis, obtains a significantly 

negative coefficient in predicting each of the risk variables. Together these results suggest that 

while the financial crisis brought about significant extra risk both in terms of market-based 

measures and z-scores, banks in more religious counties experienced less of this extra risk. The 

effect of Religiosity remains significantly negative in explaining each of the four risk variables. 

Results from two additional regressions further support the hypothesis that banks in more 

religious areas were less severely distressed during the crisis. First, column 5 presents the results 

of the regression of non-performing loans (NPL Ratio). As expected, the main effect of Crisis is 

significantly positive, indicating an increase in NPL Ratio during the crises. The main effect of 

Religiosity is not significant but the interaction of the two is negative and significant. This result 

suggests that while the level of local religiosity does not predict NPL Ratio in general, banks in 

more religious areas face significantly lower surge in bad loans during the crisis. These bad loans 

                                                 
37 Specification (2) is similar to a difference-in-differences (DiD) model, where the time dimension (before 

vs. after) is captured by the Crisis variable, and the treatment dimension (control vs. treatment) is captured 

by the Religiosity variable. The treatment variable, Religiosity, is continuous here, instead of a binary 

variable commonly used in DiD settings. The difference-in-differences is captured by the interaction of 

Crisis and Religiosity. 
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do not seem to be driven by real estate loans. In untabulated results, a similar regression of real 

estate loan loss obtains a negative but statistically insignificant coefficient on Crisis*Religiosity. 

Second, we examine the impact of the crises on the relation between local religiosity and 

dividend payout. We define payout as cash dividends scaled by two-year lagged book assets. 

Following Allen and Michaely (2003), and Li and Zhao (2008), we scale dividends by book 

assets, instead of stock price or earnings, to ensure that the results are not driven by stock price 

variation or negative earnings. The choice of two-years of lag of book assets is to ensure that the 

scaling variable falls outside the crisis period (since the recent financial crisis lasted for roughly 

two years).38 We focus the analysis of dividends on the sample of banks which paid non-zero 

cash dividends two years ago. Column 6 of Table 5 presents the result of the regression of 

dividend payout among dividend paying banks. The main effect of Crisis is negative and 

significant, consistent with the fact that many banks are forced to cut dividends during crises. 

However, the positive and highly significant coefficient on the interaction of Religiosity and 

Crisis reveals that banks in more religious areas had to reduce their dividend payouts less during 

the crises. Given that firms are generally reluctant to cut dividends, the decision to cut dividends 

is a sign of financial stress. The finding that banks located in more religious counties had to cut 

dividends less reinforces our conclusion that these banks were less stressed during the crises. 

Finally, in column 7, the analysis of Tobin’s Q suggests that banks lost significant values 

during the crisis as revealed by the significantly negative coefficient on the Crisis variable. 

However, the coefficient on the interaction of Religiosity and Crisis is significantly positive, 

revealing that banks in more religious areas suffered less value destruction during the crises. As 

before, the main effect of Religiosity in predicting Tobin’s Q remains significantly negative. 

                                                 
38Our conclusions remain unchanged if we use the natural log of dollar cash dividends (no scaling), or the 

percentage change in cash dividends from two years ago (both winsorized at 0.5% in both tails). 
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4.6.2 Local religiosity and vulnerability to crises 

This analysis is motivated by FPS’s (2012) findings that banks whose stock performed 

poorly in the crisis of 1998 also performed poorly in the crisis of 2007-08. The authors explain 

this result by arguing that some persistent risk cultures or business models, which are either 

profitable in good times or are difficult to change, make some banks more susceptible to crises. 

We examine whether differences in local religiosity serve as a source of cross-sectional variation 

in such persistent risk culture or business model. The view that local religiosity infuses 

conservatism in financial decisions implies either that banks in more religious areas follow a 

more defensive risk culture that makes them less vulnerable to crises, or that they are more likely 

to become alarmed by previous crises and be better prepared for subsequent ones. So, in FPS’s 

(2012) empirical framework, we expect that the explanatory power of stock performance in the 

1998 crisis on the performance of the 2007-08 crisis should be weaker among banks located in 

more religious areas. 

To test this conjecture, we use the sample of banks that are in the sample both in 1998 

and 2008, and estimate a cross-sectional regression similar to that in FPS (2012). Panel B of 

Table 5 shows the regression estimate in which the dependent variable is the buy-and-hold return 

from July 2007 to December 2008 (Return 2007-08) and the main explanatory variable of 

interest is the buy-and-hold return from August 1998 to December 1998 (Return 1998 Aug-Dec). 

All bank-level control variables are measured at the end of fiscal year 2006.39 Column 1 largely 

replicates the main results of FPS (2012) using control variables similar to those that are 

                                                 
39 Most control variables used in this regression are defined in the Appendix (without the suffix 2006). 

Among the rest, Stock Return 2006 is the holding period stock return for 2006, Log(Market Cap 2006) is 

the natural logarithm of market capitalization (Compustat: PRCC_F*CSHO) at the end of fiscal year 2006, 

Market Leverage 2006 is book value of assets minus book value of equity plus market value of equity, 

divided by market value of equity (Compustat: (AT - SEQ + PRCC_F* CSHO)/(PRCC_F* CSHO)). 
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significant in their Table 2, column 7. In particular, the estimates from column 1 confirm the 

findings of FPS (2012) that the crisis return of 1998 positively and significantly predicts the 

crisis return of 2007-08.  

To test our conjecture that this effect should be weaker among banks in more religious 

areas, we partition the sample into banks located in counties with above- and below-median 

religiosity at the end of fiscal year 2006, and estimate two separate cross-sectional regressions. 

As conjectured, Return 1998 Aug-Dec does not significantly predict Return 2007-08 in the 

sample of banks located in more religious areas, as shown in column 2. But in the sample of 

banks located in less religious areas, Return 1998 Aug-Dec obtains a four-times as large and 

highly statistically significant coefficient in explaining Return 2007-08, as shown in column 3. A 

formal test finds that the coefficients on Return 1998 Aug-Dec in these two subsamples are 

statistically different from each other (p<.10). The results are similar in columns (4) and (5) 

when we add the county-level control variables used in Table 3. These results are consistent with 

the notion that, compared to banks in less religious areas, banks in more religious areas either 

follow less aggressive risk cultures and business models that are less vulnerable to crises, or they 

are more alarmed by past crises and prepare better for the next crisis. 

In sum, our findings suggest that local religiosity makes banks take less risk, and accept 

lower market valuations. This effect of local religiosity on risk and some financial distress 

indicators is magnified during the crises. Local religiosity also makes banks more immune to 

financial shocks. The finding that banks in less religious locations take more risk and command 

higher valuations in normal times at least partly explains why some banks choose to persistently 

adopt riskier policies, even by remaining vulnerable to crises. These results collectively imply 

that there exists a trade-off in risk and return in bank investments, and that banks in more 
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religious areas choose to take less risk even by foregoing some potential value during normal 

times. 

4.7 Policies underlying risks 

Our analysis so far shows that differences in local religiosity significantly explain the 

differences in bank risk outcomes and valuations. A pertinent follow-up question is what actions 

these banks take that lead to such differences in observed risk-taking behaviors. In this section, 

we attempt to identify banks’ investment policies and compensation structure as underlying 

policy channels that potentially lead to such differences in risks. In doing so, we rely on the 

previous literature as well as the results from our analyses earlier in this paper.  

4.7.1 Investment policies: growth and risky business model 

Results shown in table 3 give some insights into the policy variables that might be 

responsible for the differences in banks’ risk outcomes. First, in table 3 there is a clear nonlinear 

effect of size on three measures of risk. The negative coefficient on Size suggests that large size 

helps reduce risks up to a point, but the positive and highly significant coefficient on Size2 

indicates that extremely large size, possibly gained from rapid asset growth, might be a cause of 

higher risk. Consistently, Rossi (2010) finds that rapid asset growth is a significant factor driving 

bank insolvency; Demsetz and Strahan (1997) document that diversification benefits of risk-

reduction offered by large bank size is offset by other riskier strategies that banks adopt, and FPS 

(2012) show that banks which grew more rapidly until 2006 performed more poorly in the 

financial crisis of 2007-08. Furthermore, Ellul and Yerramilli (2013) point out a potential convex 

relation between size and off-balance sheet activities. Accordingly, we analyze if banks in more 

religious counties grow their assets slowly to limit risks.40 

                                                 
40 Another potential way to assess the riskiness of assets is to examine risk-weighted assets to total assets 

ratio (RWA). Risk-weighted assets are defined as the weighted average of different bank assets, where 
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Second, an alternative ex ante proxy for the extent of asset risk-taking is write-downs. 

Banks are required to record write-downs on a wide range of investments on the basis of their ex 

ante riskiness even if these assets do not become impaired later. We measure Write-downs by 

adding up provisions for credit losses, other provisions, pretax write-downs, losses on investment 

securities, and allowances for reserves for other losses, and scale the sum by total assets. 

Third, prior literature finds that involvement in non-traditional banking (as measured by 

the fraction of non-interest income), makes banks riskier because revenue from interest is more 

certain than revenue from other sources such as investment banking, venture capital and trading 

activities (see, e.g., DeYoung and Roland (2001), Stiroh and Rumble (2006), and Brunnermeier, 

Dong and Palia (2012)). Consistently, in Table 3, the coefficient on non-interest income is 

positive and significant in predicting three of our risk variables. Thus, our next policy variable of 

interest is the share of non-interest income in a bank’s total income.  

Table 6 presents the results of regressions of these potential policy mechanisms. Control 

variables include bank-specific and (untabulated) county-level variables in Table 3. In column 1, 

the coefficient estimate of Religiosity is significantly negative in the regression of Asset Growth, 

which suggests that banks in more religious counties grow their assets more slowly. These banks 

appear to do so by limiting their investments to safer assets. This view is supported by estimates 

from the regression of Write-downs, a measure of ex ante asset risk, in column 2, where 

Religiosity again obtains a significantly negative coefficient estimate. In column 3, the 

coefficient estimate of Religiosity is also significantly negative in the regression of Non-interest 

Income. This result suggests that banks in more religious counties generate less of their income 

                                                 
higher weights denote increasing level of riskiness as guided by bank regulation. The results from RWA 

regressions are similar to those from asset growth regressions. However, the usefulness of risk-weighted 

assets ratios is somewhat controversial (see, e.g., Leslé and Avramova (2012)). 
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from non-interest sources, which are generally riskier than interest income generated from 

traditional lending. 

4.7.2 Compensation structure 

The use of incentive pay in banking is widely believed to have contributed to excessive 

risk-taking by banks and led to their poor performance during the crisis. In corporate finance 

literature, the link between executive incentive to increase risk – especially due to their option 

compensation – and firm risk-taking is well-established (see, e.g., Coles, Daniel and Naveen 

(2006)). Recent studies also find this relation in the banking industry (see, e.g., DeYoung, Peng, 

and Yan (2013), and Mehran and Rosenberg (2008)).  

We investigate whether one way banks in more religious areas maintain lower risks is by 

offering lower incentives to their key employees to increase risks. To do so, we first examine the 

value of stock options granted to all employees in a bank, which is reported in Compustat Bank 

Fundamentals file since fiscal year 2004. Since the value of an option increases with the 

volatility of the underlying asset, higher option compensation provides an incentive to bank 

executives to undertake riskier projects.41 Second, to more precisely identify executives’ risk-

taking incentives arising from stock option grants, we follow the previous literature and examine 

the vega of CEO options, which estimates the change in CEO wealth with respect to changes in 

banks’ stock return volatility. However, the analysis of vega is possible only for the subsample 

of bank-years that intersects with the Execucomp database, which has all the relevant 

information needed to calculate vega using Core and Guay’s (2002) methodology. 

About one-half of the bank years do not have any option grants even after 2004, so this 

variable is censored at zero. Therefore, we estimate a Tobit regression of the natural log of one 

                                                 
41 Compustat Bank Fundamentals database does not provide enough information to calculate option delta 

and vega.  
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plus the number of options granted to all employees in a given year (Options Grant) on 

Religiosity. The results shown in column 4 of table 6 suggest that employees of banks located in 

more religious counties receive less stock options as a part of their compensation, so they have 

lower incentives to take risk. The results in column 5 reinforce this conclusion by showing that 

Religiosity negatively predicts CEO vega, which represents a more direct incentive to take risk. 

Overall, these results suggest that banks in more religious areas are able to maintain lower risk 

levels by providing less risk-taking incentives to their CEO and key employees, limiting their 

growth by investing in safer projects, and sticking to more traditional, safer businesses. 

4.7.3 Other plausible channels: off-balance sheet activities, and leverage 

Any discussion of bank risk-taking is perhaps incomplete without mentioning structured 

financial products, such as mortgage-backed and asset-backed securities and credit derivatives. 

Since these instruments played a key role in the crisis of 2007-08, it is natural to wonder to what 

extent banks’ risk-taking behaviors predicted by local religiosity are attributable to their 

involvement in these off-balance sheet activities.  

We follow Ellul and Yerramilli (2013)) and obtain data on private mortgage-backed 

securities, and derivatives for trading and hedging purposes from FR Y-9 statements of bank 

holding companies from the Bank Regulatory database accessed via WRDS. We merge this data 

with the Compustat bank fundamentals data on the basis of fiscal year-end dates. In multiple 

regressions, Religiosity obtains negative but statistically insignificant coefficients in predicting 

the ratios to total assets of private mortgage-backed securities (t = -1.34), derivatives held for 

hedging purposes (t = -0.89) and derivatives held for trading purposes (t = -0.53). The lack of 

significant differences in these off-balance sheet activities is not very surprising given that this 

study focuses on depository institutions, all of which face the same legal environment and 
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permissible business practices. Moreover, Calomiris and Nissim (2012) find that most variations 

in banks’ valuations come from traditional lending and deposit-taking activities. So it appears 

that the differences we observe in banks’ risk-taking due to local religiosity pertain to their 

normal business.  

We also do not find significant evidence of local religiosity predicting banks’ leverage (t=-

1.27) in a multiple regression setting. This finding is congruent with Hilary and Hui (2009), who 

find the influence of local religiosity mainly on firms’ investment policies. 

4.8 Secondary predictions: importance of local preference 

We find that banks located in more religious areas take less risk, and argue that the 

underlying channel is the effect of religiosity on the risk-aversion of local investors and key 

executives. This argument implies our third hypothesis that the relation between local religiosity 

and bank risk-taking should be stronger in banks for which local residents are economically more 

important as investors or executives. To test it, we identify three indicators of the importance of 

local investors and executives for a bank. The first indicator is bank size because smaller firms 

are more likely to rely on local investors (see, e.g., Becker, Ivković and Weisbenner (2011)), as 

well as local executives (see, e.g., Yonker (2012)). Second, Hong, Kubik and Stein’s (2008) 

findings suggest that local investors are more important for banks located in areas with lower 

investment opportunities compared to local investment demand. This is because each existing 

firm receives a larger share of local investments.  To capture this ‘only-game-in-town’ effect, we 

follow Hong, Kubik and Stein (2008) and create a variable, BE/PI, calculated as the aggregate 

book equity (BE) of all the public companies in a county divided by the aggregate personal 

income (PI) of all residents of the county in a given year.42 Third, the effect of religiosity on risk 

                                                 
42We proxy a county’s per capita income by its state’s per capita income and multiply it by the county’s 

population. 
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should be stronger among banks with higher individual ownership (i.e., lower institutional 

ownership) because individual investors tend to be more locally biased (Zhu (2003)) and are 

more prone to behavioral biases (Bailey, Kumar and Ng (2011)) than institutional investors.  

Panel A of Table 7 shows the regressions of each of our four risk measures on samples 

partitioned at the median by bank size (Panel A.1), BE/PI (Panel A.2), and institutional 

ownership ratio (IOR, Panel A.3). The negative effect of Religiosity on each risk variable is 

largely confined to banks that depend more on local investors and executives, viz., banks that are 

smaller, located in low BE/PI areas, or have lower institutional ownership. The effects are quite 

large for them and are highly statistically significant. For the sample of banks that depend less on 

local residents, the effect is small and statistically insignificant at the 5% level. These results 

provide strong support for our third hypothesis that the negative relation between local religiosity 

and bank risk is stronger in banks for which local residents are economically more important as 

investors or executives.  

Panel B presents a similar analysis of local residents’ importance on the relation between 

religiosity and the risk-taking policy mechanisms discussed in section 4.7.43 The conclusion from 

the analysis of policy mechanisms is similar to that from the analysis of risk-taking outcomes 

presented in panel A. In all cases except one, the effect of local religiosity on each risk-taking 

policy (Asset Growth, Write-downs, Non-interest Income and Option Grants) is stronger in 

subsamples of smaller banks, banks in low BE/PI areas and banks with lower institutional 

ownership. Collectively, these results suggest that our finding of lower risk-taking by banks in 

more religious areas is at least partly due to the greater risk aversion of local residents. 

 

                                                 
43 This analysis excludes regressions of CEO vega incentives where workable subsample partitions are not 

feasible because of much smaller sample sizes. 
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4.9 Conclusion 

Why do some banks take more risk than others? This question has drawn substantial 

interest among academic researchers and policy-makers, especially since the recent financial 

crisis. While there are many rationality-based answers to this question, this paper makes a unique 

contribution to the literature by discovering a behavioral explanation of bank risk-taking. Using a 

sample of publicly-traded depository institutions in the US, we find that banks headquartered in 

more religious areas take less risk. In particular, local religiosity negatively predicts both market-

based risk measures such as total, tail and idiosyncratic risks, as well as a bank’s risk of default. 

But banks in more religious areas command lower market valuations, especially in non-crisis 

times. The negative influence of religiosity on bank risks is magnified during financial crises. In 

times of crisis, banks in more religious areas experience lower increase in risk and less value 

destruction compared to other banks. Moreover, the persistence in poor bank performance during 

successive crises that FPS (2012) find does not hold for banks located in more religious areas. 

This finding suggests that the business models or risk cultures that make banks consistently 

vulnerable to crises prevail only in banks in more secular areas.  

We uncover several policy mechanisms that appear to contribute to the observed relation 

between religiosity and banks’ risk outcomes. In particular, banks in more religious areas seem 

to maintain lower risks by growing their assets less aggressively, holding safer asset portfolios, 

depending less on non-interest income which tends to be riskier, and providing lower risk-taking 

incentives to key executives. Finally, we find some evidence suggesting that the underlying 

channel of the negative relation between local religiosity and bank risk-taking is the effect of 

religion on local residents’ risk-aversion. Specifically, we find that the negative influence of 

local religiosity on bank risk is stronger among banks for which local investors and executives 
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are more important. These results suggest that local religiosity is associated with higher risk-

aversion and financial conservatism of local investors and managers, whose preferences 

influence local banks’ risk cultures.  

The finding of a negative relation between local religiosity and bank risk-taking is open 

to two non-mutually exclusive explanations. The first is a causal explanation which suggests that 

local religiosity causes banks to take less risk because banks respond to the risk preferences of 

local investors and executives. The second is an endogenous matching explanation that in 

equilibrium, investors and executives get matched to banks based on shared risk preferences. We 

attempt to distinguish between these two explanations by using propensity score matching and an 

instrumental variables technique (2SLS). Moreover, we rule out several endogeneity stories, and 

provide an analysis of large changes in local religiosity. Finally, we examine the 1998 and 2007-

08 financial crises as quasi-exogenous shocks to the banking system. All of these analyses 

support the causal explanation. 

This work contributes to the literature by uncovering an important and previously 

unidentified determinant of risk-taking by banks, namely religion-induced risk-aversion. A 

potential policy implication of these findings is that regulatory interventions aimed at preventing 

banks from taking excessive risks should also take into account differences in inherent risk-

taking propensities of banks’ key stakeholders due to differences in their cultural environments. 
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Appendix: Variable Definitions 

Variables Definitions 

Religiosity The number of religious adherents in a county divided by the county 

population in a year. Source: ARDA. 

 

Total Risk Standard deviation of daily stock returns over a fiscal year. Source: CRSP. 

 

Tail Risk Average of the lowest 5% daily stock returns over a fiscal year. Source: 

CRSP. 

 

Idiosyncratic Risk Standard deviation of the residuals obtained from Fama-French and Carhart 

four factor model over a fiscal year. Source: CRSP and Ken French’s 

website: mba.tuck.dartmouth.edu/pages/faculty/ken.french/ 

 

ZScoreInverse  Natural logarithm of z-score multiplied by -1, where z-score is calculated as 

the sum of capital to assets ratio (CAR) and ROA, divided by the standard 

deviation of ROA, (
𝑅𝑂𝐴+𝐶𝐴𝑅

𝜎(𝑅𝑂𝐴)
). We require a minimum of three years of non-

missing ROA observations for each bank to calculate its standard deviation. 

Source: Compustat Bank Fundamentals. 

  

Tobin's Q Book value of assets plus market value of equity minus book value of equity, 

all divided by book value of assets ((AT + CSHO*PRCC_F - CEQ )/AT). 

Source: Compustat and Compustat Bank Fundamentals.  

 

Crisis An indicator variable that equals 1 for fiscal years 1998 (if it ended after 

July), 2007 and 2008; and 0 otherwise. 

 

NPL Ratio Non-performing loan ratio, calculated as nonperforming assets divided by 

total assets (NPAT/AT). Nonperforming assets are the sum of borrowed 

money on which the borrower has not made scheduled payments for at least 

90 days. Source: Compustat Bank Fundamentals. 

   

Div. Payout Common (ordinary) dividends divided by book assets of two years ago. 

(DVCt/ATt-2). Source: Compustat Bank Fundamentals.   

 

  

Asset Growth Annual difference in the natural logarithm of book assets (AT). Source: 

Compustat Bank Fundamentals. 

 

Write-downs Sum of provisions for credit losses, other provisions, pre-tax write-downs, 

losses on investment securities, and  allowances or reserves for other losses, 

scaled by total assets ((PCL+PVON + WDP  -INVSGL+AROL)/AT). 

 

Option Grants Natural logarithm of one plus the fair value of options granted (OPTFVGR). 

Source: Compustat Bank Fundamentals. 
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CEO Vega Dollar change in CEO’s option holdings for a 1% change in stock return 

volatility, in thousands. Source: ExecuComp. 

 

Size Natural logarithm of total assets (AT), orthogonalized with Size2. Source: 

Compustat Bank Fundamentals. 

 

Size2 Square of natural logarithm of total assets (AT), orthogonalized with Size. 

Source: Compustat Bank Fundamentals. 

 

ROA Net income divided by book assets (NI/AT). Source: Compustat Bank 

Fundamentals. 

 

Loans/Assets Loans net of total allowance for losses divided by book assets (LNTAL/AT). 

Source: Compustat Bank Fundamentals. 

 

Deposits/Assets Total deposits divided by book assets (DPTC/AT). Source: Compustat Bank 

Fundamentals. 

 

Tier 1 Capital Ratio Risk-adjusted Tier 1 capital ratio (CAPR1). Source: Compustat Bank 

Fundamentals. 

 

Non-interest Income The ratio of non-interest income to the sum of interest- and non-interest 

incomes (TNII/(NIINT+TNII)). Source: Compustat Bank Fundamentals. 

 

Acquisition Activity A dummy variable indicating non-zero spending on acquisitions (AQC). 

Source: Compustat Bank Fundamentals. 

 

Log(Real Income) Natural logarithm of state-level per capita income, adjusted using the 2005 

GDP deflator. Source: U.S. Census Bureau 

 

Fraction College Grads The fraction of a county’s population that has a bachelor’s degree or higher. 

Source: U.S. Census Bureau. 

 

Log(Population) Natural logarithm of a county’s population. Source: U.S. Census Bureau. 

 

Average Age Group Average of the indicator variable corresponding to different age groups of a 

county’s residents. A higher number indicates an older age group. Source: 

U.S. Census Bureau. 

 

Rural Urban Continuum A classification scheme that distinguishes metropolitan (metro) counties by 

the population size of their metro area, and nonmetropolitan (non-metro) 

counties by the degree of urbanization and adjacency to a metro area or 

areas. Scaled from 1 to 9, where a higher number means more rural: 1 to 3 

refer to metro areas and 4 to 9 refer to non-metro areas. Source: U.S. Census 

Bureau. 

 

Female Population Ratio Ratio of female population to total population of a county. Source: U.S. 

Census Bureau. 
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Minority Population Ratio Percentage of non-White population in a county. Source: U.S. Census 

Bureau. 

 

Republican Ratio Ratio of votes for the Republican presidential candidate in a county to the 

sum of votes for both Republican and Democrat candidates.  Source: U.S. 

Census Bureau. 

 

Local Bank Concentration Herfindahl-Hirschman index (HHI) of total deposits (DPTC) held by sample 

banks at the county-year level. Source: Compustat Bank Fundamentals. 

 

House Price Growth Four quarter growth of house price (all-transactions) index (estimated using 

sales prices and appraisal data) at the state-level. Source: Federal Housing 

Finance Agency. 
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Table 4.1: Summary statistics 
The table reports summary statistics of our key variables of interest. Panel A shows demographic and economic 

indicators at the county-level for the latest year that a county appears in the sample. Panel B shows the descriptive 

statistics at the bank-year level. The sample consists of publicly traded banks in Compustat Bank Fundamentals and 

CRSP databases from 1994 to 2010. All variables in the regressions are defined in the Appendix. 

Panel A: Summary statistics at the county-level 

 Obs. Mean Std. Dev. Q1 Median Q3 

Religiosity 673 0.487 0.129 0.388 0.479 0.576 

Catholics 673 0.161 0.132 0.054 0.130 0.237 

Mainline Protestants 673 0.107 0.060 0.064 0.095 0.143 

Other Protestants 673 0.181 0.133 0.087 0.137 0.250 

Jewish 673 0.004 0.013 0.000 0.001 0.004 

Population 673 269,922 377,082 48,746 113,924 301,356 

Real Income (2005 $) 673 46,470 6,960 42,234 44,945 50,671 

Fraction College Grads 673 23.947 9.891 16.080 21.929 29.725 

Female Population Ratio 673 0.509 0.011 0.505 0.510 0.516 

Rural Urban Continuum 673 3.035 1.934 1.000 3.000 4.000 

Minority Population Ratio 673 0.162 0.144 0.050 0.112 0.234 

Republican Ratio 673 0.513 0.123 0.439 0.511 0.602 

House Price Growth 673 0.010 0.036 -0.006 0.004 0.027 

Average Age Group 673 8.131 0.511 7.781 8.117 8.450 
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Panel B: Summary statistics at the bank-year level 

 Obs. Mean Std. Dev. 25th Median 75th 

Religiosity 12233 0.516 0.124 0.425 0.515 0.601 

Catholics 12233 0.223 0.154 0.083 0.198 0.351 

Protestants 12233 0.248 0.143 0.131 0.209 0.338 

Mainline Protestants 12233 0.107 0.061 0.060 0.097 0.142 

Jewish 12233 0.020 0.034 0.001 0.006 0.023 

Total Risk 11173 0.027 0.017 0.017 0.022 0.030 

Tail Risk 11173 0.056 0.034 0.035 0.047 0.065 

Idiosyncratic Risk 11173 0.025 0.017 0.015 0.021 0.029 

ZScoreInverse  12233 -3.134 1.174 -3.860 -3.280 -2.510 

Tobin's Q 12233 1.044 0.064 0.999 1.033 1.077 

NPL Ratio (%) 10728 1.053 1.597 0.254 0.534 1.124 

Div. Payout 9532 0.004 0.003 0.001 0.004 0.006 

Asset Growth 10728 0.108 0.144 0.026 0.080 0.155 

Options Grant 4259 0.898 0.958 0.000 0.718 1.766 

CEO Vega 1479 126.907 234.709 0.000 12.031 38.834 

Total Assets 10728 10168.95 76759.85 368.37 792.30 2240.20 

ROA 10728 0.007 0.010 0.006 0.009 0.012 

Loans/Assets 10728 0.652 0.130 0.582 0.665 0.740 

Deposits/Assets 10728 0.754 0.104 0.691 0.771 0.832 

Tier 1 Capital Ratio 10728 11.416 3.797 8.890 10.870 13.200 

Non-interest Income 10728 0.194 0.145 0.113 0.180 0.258 

Acquisition Activity 10728 0.053 0.224 0.000 0.000 0.000 

Log(Real Income) 12233 10.750 0.146 10.668 10.729 10.854 

Fraction College Grads 12233 25.891 9.748 18.310 25.100 31.300 

Log(Population) 12233 12.547 1.279 11.518 12.755 13.608 

Average Age Group 12233 7.892 0.469 7.572 7.878 8.184 

Rural Urban Continuum 12233 2.192 1.757 1.000 2.000 3.000 

Female Population Ratio 12233 0.513 0.011 0.507 0.514 0.519 

Minority Population Ratio 12233 0.184 0.140 0.073 0.158 0.256 

Republican Ratio 12233 0.470 0.126 0.383 0.477 0.559 

Local Bank Concentration 12233 0.712 0.281 0.488 0.730 1.000 

House Price Growth 12233 0.028 0.048 0.006 0.030 0.047 

 

  



 

135 

 

Table 4.2: Univariate evidence 

The first three columns in Panel A show the means of the five main variables of interest across three terciles of 

Religiosity. The last column of panel A shows point estimates of the differences in means between the highest and the 

lowest terciles, and  *, **, and *** indicate statistical significance at the 10%, 5% and 1% levels, respectively. Panel 

B reports Pearson correlation coefficients among select variables of interest. All non-italicized correlation coefficients 

in Panel B are statistically significant at the 5% level or better. All variables used in the regression analyses are defined 

in the Appendix.  

Panel A: Means of variables sorted by Religiosity terciles 

                Religiosity Tercile 

 Low Medium High High - Low 

Total Risk 0.027 0.026 0.024 -0.002*** 

Tail Risk 0.057 0.055 0.052 -0.005*** 

Idiosyncratic Risk 0.025 0.024 0.022 -0.003*** 

ZScoreInverse -3.146 -3.109 -3.248 -0.102*** 

Tobin's Q 1.047 1.048 1.045 -0.001 

 

Panel B: Pearson Correlations 

 

Total 

Risk 

Tail 

Risk 

Idio. 

Risk 

ZScore-

Inverse 

Tobin's 

Q 

NPL 

Ratio 

Div. 

Payout 

Religiosity -0.03 -0.04 -0.03 -0.06 -0.04 -0.05 0.00 

Size -0.17 -0.18 -0.28 0.13 0.18 -0.07 0.20 

Size2 0.05 0.06 0.03 -0.02 -0.04 -0.06 0.05 

ROA -0.14 -0.14 -0.14 -0.13 0.01 -0.03 0.05 

Loans/Assets 0.00 0.02 0.00 -0.05 0.02 0.14 0.02 

Deposits/Assets 0.07 0.07 0.08 0.03 0.04 0.01 -0.02 

Tier 1 Capital Ratio -0.11 -0.11 -0.12 -0.26 0.08 -0.11 0.13 

NPL Ratio 0.51 0.50 0.49 0.32 -0.25 1.00 -0.25 

Non-interest Income 0.00 0.00 -0.04 0.09 0.15 0.03 0.03 

Log(Real Income) 0.07 0.06 0.06 0.04 0.06 0.08 0.16 

Fraction College Grads 0.03 0.02 0.00 0.11 0.08 0.03 -0.11 

Log(Population) 0.03 0.02 0.01 0.20 0.06 -0.01 -0.09 

Average Age Group -0.01 0.00 -0.02 -0.06 -0.04 0.08 -0.13 

Rural Urban Continuum -0.04 -0.03 -0.03 -0.17 -0.03 0.03 0.06 

Female Population Ratio -0.03 -0.04 -0.04 -0.01 0.00 -0.07 0.13 

Minority Population Ratio 0.00 0.00 -0.02 0.10 0.06 0.02 0.02 

Republican Ratio -0.03 -0.02 0.00 -0.07 -0.03 -0.02 -0.08 

House Price Growth -0.33 -0.34 -0.29 -0.09 0.32 -0.36 0.08 

Local Bank Concentration -0.06 -0.06 -0.07 -0.09 -0.03 0.05 0.06 
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Table 4.3: Religiosity, bank risk and valuation 

The table reports estimates of regressions of risk outcomes (Total Risk, Tail Risk, Idiosyncratic Risk, and 

ZScoreInverse) and valuation (Tobin's Q) on the religiosity proxy, Religiosity. All the variables are defined in the 

Appendix. All bank-level independent variables, the measure of bank concentration and state house price growth are 

lagged by one year. Other county-level control variables are contemporaneous. Panel A shows the results of 

regressions for the full sample and panel B shows the results on sub-sample that excludes crisis periods (i.e., fiscal 

years 1998 (if it ended after July), 2007 and 2008). All regressions include year dummies. Intercepts are not reported. 

Standard errors are corrected for heteroscedasticity and are clustered at the bank level, and t-statistics are in 

parentheses. *, **, and *** indicate statistical significance at the 10%, 5% and 1% levels, respectively. 

Panel A: Full sample 

 

 

(1) 

 

Total Risk 

(2) 

 

Tail Risk 

(3) 

Idiosyncratic 

Risk 

(6) 

ZScore- 

Inverse 

(7) 

 

Tobin's Q 

Religiosity -0.006*** -0.012*** -0.006*** -0.752*** -0.029*** 

 (-4.02) (-3.59) (-3.77) (-3.15) (-3.03) 

Size -0.002*** -0.005*** -0.004*** 0.070* 0.024*** 

 (-9.76) (-10.96) (-17.75) (1.82) (15.79) 

Size2 0.001*** 0.003*** 0.001*** -0.038 -0.004*** 

 (6.50) (7.72) (4.73) (-1.57) (-3.52) 

ROA -0.329*** -0.643*** -0.326***  1.484*** 

 (-9.55) (-9.69) (-9.45)  (9.10) 

NPL Ratio 0.003*** 0.005*** 0.003*** 0.340*** -0.001 

 (11.58) (11.80) (11.75) (16.12) (-1.44) 

Loans/Assets -0.002 -0.003 -0.002 0.320 -0.009 

 (-1.07) (-0.86) (-1.18) (1.49) (-0.97) 

Deposits/Assets 0.010*** 0.020*** 0.009*** -0.449 0.106*** 

 (5.21) (4.98) (4.80) (-0.95) (9.51) 

Tier 1 Capital Ratio -0.000*** -0.000*** -0.000***  0.002*** 

 (-4.41) (-4.69) (-5.34)  (6.18) 

Non-interest Income 0.005*** 0.010*** 0.004** 0.024 0.013 

 (3.13) (3.20) (2.43) (0.12) (1.55) 

Acquisition Activity 0.000 0.001 -0.002*** 0.021 -0.012*** 

 (0.15) (0.47) (-2.92) (0.29) (-4.69) 

Log(Real Income) -0.003* -0.006* -0.002 -0.185 0.006 

 (-1.79) (-1.87) (-1.45) (-0.83) (0.73) 

Fraction College Grads -0.000 -0.000 -0.000 0.002 0.000 

 (-1.05) (-1.28) (-0.72) (0.54) (0.83) 

      

Log(Population) 0.001* 0.001* 0.000 0.111** 0.001 

 (1.81) (1.79) (1.43) (2.51) (0.74) 

Average Age Group 0.000 -0.000 0.000 0.063 0.001 

 (0.12) (-0.18) (0.81) (0.81) (0.33) 

Rural Urban Continuum -0.000 -0.000 -0.000 -0.031 -0.001 

 (-0.88) (-0.70) (-1.23) (-1.04) (-1.12) 

Female Population Ratio -0.007 -0.017 -0.007 -5.142* 0.059 
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 (-0.36) (-0.41) (-0.35) (-1.66) (0.54) 

Minority Population Ratio 0.002 0.005 0.004** 0.377 -0.002 

 (1.44) (1.42) (2.50) (1.46) (-0.16) 

Republican Ratio 0.000 0.001 0.002 0.318 0.015 

 (0.19) (0.33) (1.02) (1.05) (1.29) 

House Price Growth -0.002 -0.006 -0.001 -0.359 0.169*** 

 (-0.35) (-0.57) (-0.20) (-0.84) (8.90) 

Local Bank Concentration -0.000 -0.001 -0.001 0.076 -0.003 

 (-0.36) (-0.51) (-0.67) (0.72) (-0.84) 

Constant 0.050** 0.111** 0.040* -0.824 0.805*** 

 (2.23) (2.44) (1.85) (-0.28) (7.55) 

Year Fixed Effects Yes Yes Yes Yes Yes 

Obs. 9018 8995 9018 11063 10199 

Adj. R2 0.553 0.571 0.533 0.195 0.480 

 

Panel B: Excluding crisis periods 

 

(1) 

 

Total Risk 

(2) 

 

Tail Risk 

(3) 

Idiosyncratic 

Risk 

(6) 

ZScore- 

Inverse 

(7) 

 

Tobin's Q 

Religiosity -0.006*** -0.010*** -0.005*** -0.714*** -0.028*** 

 (-3.43) (-3.14) (-3.20) (-3.04) (-2.94) 

Bank-level Controls Yes Yes Yes Yes Yes 

County-level Controls Yes Yes Yes Yes Yes 

Year Fixed Effects Yes Yes Yes Yes Yes 

Obs. 7601 7581 7601 9354 8537 

Adj. R2 0.546 0.557 0.531 0.196 0.494 
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Table 4.4: Robustness tests 

This table reports the coefficient of Religiosity from alternative specifications of the regressions of Total Risk,Tail Risk, Idiosyncratic Risk, ZScoreInverse, and 

Tobin's Q. The main specification shown in row 0 is the regression on the full sample with the complete set of controls, shown in columns 1 through 5 of table 3, 

Panel A. Standard errors are corrected for heteroscedasticity and are clustered at the bank-level, except in test 8, where they are clustered at the county level. *, **, 

and *** indicate statistical significance at the 10%, 5% and 1% levels, respectively. 

  Total Risk Tail Risk Idiosyncratic Risk ZScoreInverse Tobin's Q 

 Coeff.      Obs. Coeff.     Obs. Coeff. Obs. Coeff. Obs. Coeff. Obs. 

0. Main specification -0.006*** 9018 -0.012*** 8995 -0.006*** 9018 -0.752*** 11063 -0.029*** 10199 

1. Remove five most religious 

states (MS, UT, AL, LA, AR) 
-0.006*** 8480 -0.010*** 8458 -0.005*** 8480 -0.755*** 9803 -0.025** 9643 

           

2. Remove five least religious 

states (VT, NH, ME, MA, RI) 
-0.007*** 8391 -0.013*** 8369 -0.006*** 8391 -0.748*** 9706 -0.025** 9548 

           

3. Remove California and 

New York (CA, NY) 
-0.007*** 7554 -0.013*** 7536 -0.006*** 7554 -0.781*** 8658 -0.032*** 8535 

           

4. Remove “too-big-to-fail” 

banks 
-0.007*** 8867 -0.012*** 8844 -0.006*** 8867 -0.794*** 10203 -0.028*** 10048 

           

5 Propensity score matched 

treatment effect 
-0.003*** 5963 -0.005*** 5947 -0.002*** 5963 -0.215*** 7397 -0.004* 6754 

           

6. 2SLS: instrument 

contemporaneous religiosity 

with 1952 religiosity  

-0.015*** 8888 -0.030*** 8865 -0.013*** 8888 -1.818*** 10895 -0.041*** 10038 

           

7. Random effects, het. 

robust, cluster by banks 
-0.005*** 9018 -0.011*** 8995 -0.006*** 9018 -0.595** 11063 -0.029*** 10199 

8. Cluster standard errors by 

county 
-0.006*** 9018 -0.012*** 8995 -0.006*** 9018 -0.752*** 11063 -0.029*** 10199 

9. Control for regional 

dummies 
-0.005*** 9018 -0.008** 8995 -0.004*** 9018 -0.224 11063 -0.033*** 10199 
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Table 4.5: The effect of crises 

Panel A of the table reports estimates of regressions of risk outcomes (Total Risk, Tail Risk, Idiosyncratic Risk and 

ZScoreInverse), financial stress measures (NPL Ratio and Div. Payout), and valuation (Tobin's Q) on the religiosity 

proxy, Religiosity and its interaction with the crisis period dummy, Crisis indicating fiscal years 1998 (if it ended after 

July), 2007 and 2008. All variables are defined in the Appendix. Other control variables, not reported for brevity, are 

the same as in Table 3. All regressions include year dummies. Intercepts are not reported. Standard errors are corrected 

for heteroscedasticity and are clustered at the bank level, and t-statistics are in parentheses. Panel B shows the results 

from cross-sectional regression of buy-and-hold returns from July 2007 to December 2008 (Return 2007-08) on buy-

and-hold returns from August to December 1998 (Return 1998 Aug-Dec). Standard errors are corrected for 

heteroscedasticity. *, **, and *** indicate statistical significance at the 10%, 5% and 1% levels, respectively. 

Panel A: Effect of the Crises on Risk Outcomes, Financial Stress Measures and Valuation 

 

(1) 

Total 

Risk 

(2) 

Tail 

Risk 

(3) 

Idio. 

Risk 

(4) 

Zscore- 

Inv. 

(5) 

NPL  

Ratio 

(6) 

Div.  

Payout 

(7) 

Tobin's 

Q 

Crisis* 

Religiosity 
-0.008*** -0.017** -0.009*** -0.416** -0.947*** 0.001*** 0.033*** 

 (-2.75) (-2.46) (-3.24) (-2.23) (-3.03) (2.59) (3.07) 

Religiosity -0.005*** -0.010*** -0.005*** -0.703*** 0.027 -0.001** -0.031*** 

 (-3.40) (-3.06) (-3.00) (-2.98) (0.17) (-2.19) (-3.32) 

Crisis 0.013*** 0.032*** 0.011*** 0.589*** 0.903*** -0.002*** -0.059*** 

 (6.35) (6.94) (6.00) (3.55) (4.79) (-2.89) (-7.40) 

Bank-level 

Controls 
Yes Yes Yes Yes Yes Yes Yes 

County-

level 

Controls 

Yes Yes Yes Yes Yes Yes Yes 

Year Fixed 

Effects 
Yes Yes Yes Yes Yes Yes Yes 

Obs. 9018 8995 9018 11063 10467 7168 10199 

Adj. R2 0.473 0.482 0.473 0.192 0.428 0.240 0.450 
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Panel B: Predicting the buy-and-hold return for the 2007-08 crisis with the return for the 1998 crisis  

 (1) (2) (3) (4) (5) 

 Return 

2007-08 

Return 

2007-08 

(Religiosity 

2006> 

Median) 

Return 

2007-08 

(Religiosity 

2006< 

Median) 

Return 

2007-08 

(Religiosity 

2006> 

Median) 

Return 

2007-08 

(Religiosity 

2006< 

Median) 

Return 1998 Aug-Dec 0.365** 0.160 0.655*** 0.163 0.542** 

 (2.48) (0.72) (3.11) (0.71) (2.30) 

Stock Return 2006 -0.024 -0.111 0.024 -0.133 -0.157 

 (-0.15) (-0.56) (0.10) (-0.68) (-0.47) 

Tobin's Q 2006 2.391*** 3.059*** 1.051 3.364*** 1.112 

 (3.04) (3.29) (0.77) (3.38) (1.00) 

Tail Risk 2006 -17.965*** -18.462*** -18.778** -15.870*** -12.367 

 (-3.88) (-3.22) (-2.37) (-2.73) (-1.43) 

Idiosyncratic Risk 2006 -47.104*** -54.969*** -37.159* -51.058*** -23.495 

 (-3.94) (-3.47) (-1.86) (-3.03) (-1.00) 

Tier 1 Capital Ratio 2006 0.017* 0.026* 0.001 0.023* 0.020 

 (1.69) (1.96) (0.09) (1.75) (1.06) 

Log(Market Cap 2006) -0.025 -0.017 -0.028 -0.008 0.032 

 (-1.56) (-0.93) (-0.80) (-0.39) (0.86) 

Market Leverage 2006 0.021 0.034 -0.007 0.038 0.011 

 (1.18) (1.44) (-0.26) (1.61) (0.35) 

County-level Controls No No No Yes Yes 

Obs. 235 138 97 136 90 

Adj. R2 0.174 0.171 0.153 0.181 0.245 
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Table 4.6: Potential policy mechanisms for risk-taking 

The table reports estimates of regressions of policy mechanisms for risk-taking (Assets Growth, Write-downs, Non-

interest Income, Option Grants, and CEO Vega) on the religiosity proxy, Religiosity. All the variables are defined in 

the Appendix. County-level control variables, not reported for brevity, are the same as in Table 3. All regressions 

include year dummies. Intercepts are not reported. Standard errors are corrected for heteroscedasticity and are 

clustered at the bank level, and t-statistics are in parentheses. *, **, and *** indicate statistical significance at the 10%, 

5% and 1% levels, respectively. 

 

(1) 

Asset Growth 

(2) 

Write-

downs 

(3) 

Non-interest 

Income 

(4) 

Option 

Grants 

(5) 

 

CEO Vega 

Religiosity -0.040** -0.265*** -0.056** -1.060*** -152.538** 

 (-2.42) (-4.59) (-2.41) (-2.59) (-1.99) 

Size -0.007*** 0.109*** 0.053*** 0.648*** -119.274*** 

 (-3.06) (10.54) (12.80) (11.19) (-2.78) 

Size2 0.005** 0.004 0.017*** -0.207*** 141.587*** 

 (2.51) (0.55) (4.98) (-4.27) (5.08) 

ROA 0.511 -14.630*** 0.773** 3.687 3623.478*** 

 (1.34) (-8.24) (2.18) (0.74) (3.09) 

NPL Ratio -2.194*** 16.620*** 0.921*** -15.732*** 683.903 

 (-12.97) (14.89) (5.01) (-4.74) (0.90) 

Loans/Assets 0.123*** 0.484*** -0.197*** 0.827** -117.249* 

 (7.27) (9.01) (-7.36) (2.10) (-1.74) 

Deposits/Assets 0.076*** 0.298*** -0.003 1.230** 2.399 

 (3.59) (3.89) (-0.09) (2.53) (0.03) 

Tier 1 Capital Ratio 0.003*** 0.006*** -0.003*** 0.001 0.014 

 (5.72) (3.23) (-5.36) (0.05) (0.00) 

Non-interest Income 0.034** 0.172**  0.470* 188.550*** 

 (2.38) (2.23)  (1.80) (2.90) 

Acquisition Activity 0.001 0.049 0.031*** 0.198** 15.273 

 (0.23) (1.30) (4.15) (2.40) (0.72) 

County-level Controls Yes Yes Yes Yes Yes 

Year Fixed Effects Yes Yes Yes Yes Yes 

Obs. 10467 10464 9892 3994 1411 

Adj. [Pseudo] R2 0.130 0.437 0.323 [0.080] 0.549 
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Table 4.7: Effect of local preferences (bank size, local bias and institutional ownership) 
 

This table reports the analysis of the effect of the religiosity proxy, Religiosity on risk outcomes (Panel A) and policy 

mechanisms for risk-taking (Panel B) on subsamples partitioned by bank size, local investment opportunities relative 

to investment demand, and institutional ownership ratio. All the variables are defined in the Appendix. Small (Large) 

Banks indicates the subsample of banks below (above) median asset size a given year. Low (High) BE/PI corresponds 

to the subsample of banks in below- (above-) median BE/PI counties in a given year. BE/PI equals the total book 

equity of all public companies headquartered in a county during a year divided by the aggregate personal income of 

all residents of the county during the year. Low (High) IOR corresponds to the subsample of banks with below- (above-

) median institutional ownership ratio in a given year. Control variables, not tabulated for brevity, in the regressions 

in panel A (B) are the same as in Table 3 (6). Intercepts are not reported. Standard errors are corrected for 

heteroscedasticity and clustered at the bank level, and t-statistics are in parentheses. *, **, and *** indicate statistical 

significance at 10%, 5% and 1% levels, respectively. 
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Panel A: Effects of Local Preferences on Risk Outcomes 

 Total Risk Tail Risk Idiosyncratic Risk ZScoreInverse 

 

I. Samples partitioned by bank size 

 

Small 

Banks 

Large 

Banks 

Small 

Banks 

Large 

Banks 

Small 

Banks 

Large 

Banks 

Small 

Banks 

Large 

Banks 

Religiosity -0.010*** -0.003* -0.018*** -0.005 -0.009*** -0.002 -0.526* -0.465 

 (-3.62) (-1.83) (-3.18) (-1.56) (-3.56) (-1.52) (-1.91) (-1.57) 

Obs. 3943 5061 3929 5052 3943 5061 5275 5788 

II. Samples partitioned by relative local investment opportunities 

 

Low 

BE/PI 

High  

BE/PI Low BE/PI 

High  

BE/PI 

Low 

BE/PI 

High  

BE/PI 

Low 

BE/PI 

High  

BE/PI 

Religiosity -0.011*** -0.005 -0.021*** -0.010 -0.010*** -0.005 -1.407*** -0.168 

 (-3.75) (-1.37) (-3.65) (-1.41) (-3.83) (-1.52) (-3.65) (-0.31) 

Obs. 2718 2845 2707 2839 2718 2845 3339 3314 

 

III. Samples partitioned by institutional ownership ratio (IOR) 

 

Low 

IOR High IOR 

Low 

IOR High IOR 

Low 

IOR 

High 

IOR 

Low 

IOR 

High 

IOR 

Religiosity -0.009*** -0.003* -0.016*** -0.005 -0.008*** -0.003* -0.929*** -0.488* 

 (-3.59) (-1.90) (-3.28) (-1.51) (-3.25) (-1.86) (-2.94) (-1.75) 

Obs. 4211 4807 4194 4801 4211 4807 5803 5260 

 

Panel B: Effect of Local Preferences on Policy Mechanisms for Risk-Taking 

 

Assets  

Growth 

Write- 

downs 

Non-interest  

Income 

Options  

Grant 

 

 

I. Samples partitioned by bank size 

 

Small 

Banks 

Large 

Banks 

Small 

Banks 

Large 

Banks 

Small 

Banks 

Large 

Banks 

Small 

Banks 

Large 

Banks 

Religiosity -0.068*** -0.013 -0.317*** -0.232*** -0.067** -0.038 -2.144*** -0.277 

 (-3.24) (-0.55) (-4.24) (-2.93) (-2.12) (-1.25) (-3.42) (-0.54) 

Obs. 4925 5542 4923 5541 4799 5091 1915 2078 

 

 

II. Samples partitioned by relative local investment opportunities 

 

Low 

BE/PI 

High  

BE/PI 

Low 

BE/PI 

High  

BE/PI 

Low 

BE/PI 

High  

BE/PI 

Low 

BE/PI 

High  

BE/PI 

Religiosity -0.048 -0.103** -0.353*** -0.335** -0.160*** -0.046 -1.376* -0.830 

 (-1.42) (-2.05) (-3.13) (-2.32) (-3.67) (-0.75) (-1.66) (-0.95) 

Obs. 3142 3162 3141 3161 2905 2892 1129 1093 

 

 

III. Samples partitioned by institutional ownership ratio (IOR) 

 Low  IOR 

High 

IOR Low  IOR High IOR Low  IOR High IOR Low  IOR 

High 

IOR 

Religiosity -0.048** -0.024 -0.308*** -0.231*** -0.073*** -0.029 -1.578*** -0.512 

 (-2.44) (-0.96) (-3.95) (-3.60) (-2.72) (-0.90) (-3.02) (-1.01) 

Obs. 5456 5011 5454 5010 5307 4585 2484 1510 
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CHAPTER 5 

CAUSAL EFFECT OF ANALYST FOLLOWING ON CORPORATE SOCIAL 

RESPONSIBILITY 

 

5.1 Introduction 

The term corporate social responsibility (CSR) has gained prominence in the business 

world in the past few decades. A growing number of firms, especially large public firms, spend 

significant time and resources in promoting their commitment to the well-being of the greater 

community, the environment, and other stakeholders, beyond their legal obligations. For 

instance, Apple’s 2011 supplier responsibility report states, “Apple is committed to driving the 

highest standards of social responsibility throughout our supply base. We require that our 

suppliers provide safe working conditions, treat workers with dignity and respect, and use 

environmentally responsible manufacturing processes wherever Apple products are made.” 

Similarly, Microsoft’s employee giving campaign has donated over $1 billion from employee 

contributions with an equal amount contributed by the company, and Google’s “Don't be evil” 

policy includes a promise to direct 1% of its profits to philanthropic purposes.44 Furthermore, 

many companies produce 

                                                 
44 Other examples include Intel’s contribution of $100 million for global education programs and energy 

conservation, GE’s $160 million contribution for community and employee philanthropic program and a 

commitment of billions of dollars for developing eco-friendly products, and CVS Pharmacy’s decision to 

stop selling cigarettes at its retail stores which would result in an estimated loss of about $2 billion in sales 

per year (see, Hong, Kubik, and Scheinkman (2012), and Cheng, Hong and Shue (2014)). 
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voluntary CSR reports, and trillions of dollars of professionally managed money is invested 

in socially responsible funds.45 

Why do firms engage in CSR? There are two views on this. One view is that CSR 

increases firm value because doing good is good for business. This view is supported by 

empirical evidence that CSR activities increase firm value by building customer loyalty and 

reputation among key stakeholders (see, e.g., Servaes and Tamayo (2014), Elfenbein, Fisman 

and McManus (2012) and List (2006)). Deng, Kang and Low (2013) find that acquirers with 

high CSR ratings experience higher announcement returns and better post-merger performance 

arguably because these firms’ reputation helps them retain key stakeholders after the merger. 

Servaes and Tamayo (2014) find a positive relation between CSR and firm value among firms 

with higher advertising expenses consistent with the idea that CSR activities, if communicated 

effectively, create value by increasing customer loyalty. Survey evidence also finds that people’s 

willingness to buy from, recommend, work for and invest in a company is guided by a 

company’s image, many aspects of which relate to CSR (see Reputation Institute (2013)). 

Kecskés, Mansi, and Nguyen (2013) find that CSR benefits shareholders of firms with more 

long-term institutional investors. 

The second view considers CSR as a manifestation of an agency problem. In an op-ed 

article, Milton Friedman argued that the only responsibility of corporations is to increase profits, 

and ‘socially responsible’ managers, who are hired by shareholders to work for them, act as 

                                                 
45 A 2012 report by Sustainable and Responsible Investing Trends in the United States says ,“$3.31 

trillion in US-domiciled assets at year-end 2011 held by 443 institutional investors, 272 money managers 

and 1,043 community investment institutions that apply various environmental, social and governance 

(ESG) criteria in their investment analysis and portfolio selection” 

(http://www.ussif.org/files/publications/12_trends_exec_summary.pdf) 
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public employees when they spend shareholders’ money on CSR.46 Some recent studies support 

this view by showing that CSR does not contribute to shareholders’ interests but may serve 

managers’ personal interests. For example, Cheng, Hong and Shue (2014) find that firms with 

higher managerial ownership and better internal governance mechanisms are less likely to 

engage in CSR, suggesting that managers do good with other people’s money. Masulis and Reza 

(2014) also arrive at a similar agency-based conclusion by finding that CEOs personally gain 

from corporate charitable giving because most of the giving goes to CEO-affiliated charities, 

especially when CEOs have little ownership stakes in their firms. Di Guili and Kostovetsky 

(2014) uncover a behavioral explanation of CSR by showing that political leaning of key 

employees and directors significantly affects CSR, which, in turn, hurts firm performance. 

Despite a large literature, the debate on whether CSR is beneficial to shareholders or is an 

agency problem seems far from settled. Endogeneity issues compound the problem of 

establishing a causal link between CSR and firm performance, and lack of strong identification 

strategies limits the extent to which the results from some of the studies can be causally 

interpreted. Hong, Kubik and Scheinkman (2012) illustrate this issue by showing that financial 

constraints, which are often difficult to observe, can serve as an omitted variable in the relation 

between CSR and performance. They argue that a positive relation between profitability and 

CSR is more likely to be a result of higher profitability leading to more corporate goodness 

rather than the other way round. In this paper, I attempt to alleviate some of these concerns by 

examining firms’ response to exogenous changes in the intensity of governance to test whether 

CSR is driven by agency issues. I ask a simple question: how do firms adjust their involvement 

in CSR in response to a change in the level of monitoring?  

                                                 
46 The New York Times Magazine, September 13, 1970. 
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To answer this question, I consider sell-side financial analysts as an external monitoring 

mechanism. Jensen and Meckling (1976, p. 353) argue that ‘‘security analysis activities reduce 

the agency costs associated with the separation of ownership and control.’’ Indeed, a rich 

subsequent literature speaks for the role of financial analysts as a monitoring/governance 

mechanism by showing that analyst coverage decreases information asymmetry between 

investors and managers, puts pressure on managers for performance and restricts their non-value-

maximizing behaviors (see, e.g., Brennan and Subrahmanyam (1995), Hong, Lim and Stein 

(2000), Ellul and Panayides (2009), and Cheng, Subramanyam, and Zhang (2007)). Financial 

analysts monitor managers by probing into their business strategies, asking questions during 

conference calls, and analyzing and disseminating information about firm performance. 

Highlighting analysts’ role as an effective monitoring mechanism, Yu (2008) finds that firms 

with greater analyst coverage manage their earnings less, and Irani and Oesth (2013) show that 

an exogenous loss in analyst coverage leads to deterioration in financial reporting quality. Chen, 

Harford and Lin (2015) provide broader evidence of analysts’ role as a governance mechanism 

by examining a number of corporate policies and performance measures. They find that a decline 

in analyst coverage leads to a number of agency problems as manifested in a decrease in the 

value of cash, an increase in excess CEO compensation, more value-destroying acquisitions, and 

higher earnings management. 

The fact that analysts act as an influential governance mechanism offers a straightforward 

way to examine whether firms’ CSR activities represent an agency problem or are valuable to 

shareholders. If CSR activities are an agency problem (i.e. they are negative NPV projects), then 

better monitoring due to greater analyst coverage should force managers to cut back on CSR 

activities. If the net effect of CSR on shareholder value is insignificant, then analyst coverage 
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should have no effect on CSR. But, if CSR activities are beneficial to shareholders (i.e., they are 

positive NPV projects), then, depending on the availability of other competing positive NPV 

projects and financing, greater analyst coverage might lead to an increase or no change in CSR.  

This study tests these alternative predictions by using an observable CSR output, the 

Kinder, Lydenberg and Domini’s (KLD) CSR scores. KLD rates U.S. companies in several 

dozen categories within seven broad dimensions of CSR, and provides the most comprehensive 

CSR scores used in the literature. I examine five dimensions of KLD scores that are more likely 

to be driven by an apparent motive of social welfare, and find support for the agency motive of 

CSR. In particular, I find that firms with greater analyst coverage tend to be less socially 

responsible as measured by KLD scores.  

My baseline regression estimates find a negative relation between analyst coverage and 

CSR, consistent with CSR being an agency problem. However, analyst coverage is likely to be 

endogenous because analysts choose which firms to follow (e.g, McNichols and O’Brien 

(1997)). The implication is that the regression specification might omit some important variables 

that are correlated both with analysts’ choice of covering a firm and its CSR activities. To help 

establish causality, I employ two identification strategies. First, following Hong and Kacperczyk 

(2010), Kelly and Ljungqvist (2012), and He and Tian (2013), I use brokerage closures and 

mergers as plausibly exogenous shocks to a firm’s analyst coverage, and employ a difference-in-

differences (DiD) technique. Results from DiD estimates show that firms that exogenously lose 

analysts due to brokerage closures and mergers (the treatment group) subsequently achieve 

higher KLD scores compared to another group of firms with similar characteristics which do not 

lose analysts (the matched control group). This result is robust to alternate matching procedures, 

alternate ways to calculate CSR, and is not driven by a few outlying events. Moreover, the effect 
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of exogenous loss of analysts on CSR is stronger among treatment firms that are less financially 

constrained, are more profitable, and have smaller analyst following.  

Second, I conduct a two-stage least squares (2SLS) technique that uses an instrumental 

variable for analyst coverage. In particular, following Yu (2008) and He and Tian (2013), I 

exploit the time-series variation in the size of brokerage houses and construct a variable, 

expected following, as an instrument for the realized analyst coverage. Results from 2SLS 

regressions also support the conclusion that greater analyst coverage causes firms to achieve 

lower CSR scores. While the DiD analysis depends on a smaller sample of treatment and 

matched control firms, the 2SLS analysis uses almost the entire sample. In addition, 2SLS 

analysis also helps reveal the direction of the bias in the regression coefficient if endogeneity in 

analyst coverage is not corrected for.  

Overall my findings are consistent with the view that analysts decrease agency problems by 

putting pressure on managers to focus on value-increasing projects and cut back on unproductive 

discretionary spending on CSR. 

I next explore some potential channels through which financial analysts might affect a firm’s 

CSR spending. First, Yu (2008) finds that greater analyst coverage makes accruals-based 

earnings management more difficult. This may force managers to cut discretionary CSR 

spending to meet analysts’ earnings expectations. Second, Kelly and Ljungqvist (2012) find that 

stock prices fall following the loss of analysts. This reduces the value of managers’ ownership 

stake in the firm, which reduces the cost to them of investing in pet projects such as CSR. 

Supporting these conjectures, I find that firms which lose analysts for exogenous reasons 

increase their selling, general and administrative (SG&A) expenses, which include a part of CSR 

spending. 
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This paper proceeds as follows. Section 2 briefly discusses the relevant literature. Section 3 

describes the data and presents summary statistics.  Section 4 presents the baseline results and 

addresses endogeneity issues. Section 5 discusses some potential economic mechanisms. Section 

6 points out some caveats and concludes. 

5.2 Relation and contribution to the existing literature 

This paper contributes to the literature in several ways. First it adds to the long-standing 

and unsettled debate on the causes and consequences of CSR activities. Most of the debate in the 

large interdisciplinary literature on CSR focuses on whether CSR activities are driven by 

shareholder value-maximization motive or embody an agency problem (see, e.g., Bénabou and 

Tirole (2010)’s review article). One popular way of testing these hypotheses has been to examine 

the relation between CSR and some measure of firm performance such as profitability or market 

valuation. However, the results are generally inconclusive (see, e.g., the review by Margolis, 

Elfenbein, and Walsh (2009)).  

Recently researchers have recognized a serious issue of endogeneity in the relation 

between CSR and firm performance (see, e.g., Bénabou and Tirole (2010), Hong, Kubik, and 

Scheinkman (2012) and Cheng, Hong and Shue (2014)). An endogeneity problem arises because 

it is hard to disentangle whether firm performance leads to CSR or vice versa, and also whether 

both CSR and firm performance respond to a common factor omitted from the estimation 

models. My paper is closely related to newer studies that try to break this endogeneity by 

employing exogenous events. For instance, using the late 1990s’ Internet bubble as an exogenous 

shock to financial constraints, Hong, Kubik, and Scheinkman (2012) find that corporate 

goodness increases when a firm’s financial constraints are relaxed. Similarly, Cheng, Hong and 

Shue (2014) employ the 2003 dividend tax cut as a shock to managerial ownership in the firm, 
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and conclude that firms with higher managerial ownership obtain lower CSR scores. Masulis and 

Reza (2014) also use the 2003 dividend tax cut as a positive shock to managerial ownership and 

find that firms reduce charitable giving after an increase in managerial ownership stake. Di Guili 

and Kostovetsky (2014) uncover a behavioral explanation of CSR. They find that firms with 

Republican cultures tend to be less socially responsible than those with Democratic cultures, and 

that being more socially responsible harms shareholders’ interests. This paper contributes to this 

literature in a unique way. It uses a large sample of firms, exogenous shocks to analyst following 

that affects multiple firms in multiple time periods, and draws inferences based on prior 

empirical findings on financial analysts’ influence on firms. Because of these features, my 

identification strategy is less subject to potential criticism that some time-series event coincident 

with events that some previous studies have used to establish causality might be biasing the 

findings. Also, Hong, Kubik, and Scheinkman (2012), Cheng, Hong and Shue (2014) and 

Masulis and Reza (2014) mainly test the influence of internal corporate governance mechanisms 

on CSR. So, an important contribution of this paper is to examine the role of an external 

monitoring mechanism, namely analyst coverage, on CSR.47 

This paper also adds to the growing literature on the effect of financial analysts on 

corporate policies. Survey evidence of Graham, Harvey and Rajgopal (2005) shows that it is very 

important for managers to meet or exceed analysts’ earnings expectations. Rather intriguingly, 

these authors find that about 80% of the managers admit their willingness to cut investments to 

meet analysts’ earnings estimates. Consistent with this observation, recent studies uncover a 

                                                 
47 In a concurrent paper, Jo and Harjoto (2014) test similar hypotheses and find a positive relation between 

analyst coverage and CSR. The authors estimate Granger causality models to deal with endogeneity issues. 

While Granger causality does demonstrate the likelihood of causation, it suffers from an omitted variable 

bias if CSR and analyst coverage both are driven by common variables with different lags omitted from the 

model (such as expected future profitability). My analyses, which are based on an exogenous shocks to 

analyst coverage and are unlikely to have such a problem, obtain results that are different from theirs. 
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significant impact of financial analysts on a variety of corporate policies. For example, using 

brokerage closures and mergers as exogenous shocks to analyst coverage, He and Tian (2013) 

find that financial analysts impede firm innovation. On the other hand, using a similar approach, 

Derrien and Kecskés (2013) argue that increase in the cost of capital resulting from an increase 

in information asymmetry caused by loss of financial analysts leads firms to cut back on 

investment and financing activities. Yu (2008) finds a negative relation between the magnitude 

of analyst coverage and a firm’s engagement in accruals-based earnings management. This paper 

makes a contribution to the literature by examining financial analysts’ influence on firms’ CSR 

activities, which has gained substantial interest from academics and policy-makers due to its 

implications for the welfare of a wider group of stakeholders. 

5.3 Data and descriptive statistics 

My sample starts from 2001 and ends in 2011. I obtain the required data from several 

sources. The data on firms’ CSR scores come from STATS database of MSCI ESG Research, 

which is the successor of Kinder, Lydenberg and Domini (KLD), Innovest and IRRC, which 

were acquired through MSCI’s acquisition of RiskMetrics. For simplicity, I will refer to this 

dataset as KLD data. While KLD data begins in 1991, I use KLD scores from 2001 for the 

following reasons. KLD increased its coverage of companies from 650 to 1,100 largest 

companies in 2001, and to 3,000 largest companies in 2003. My difference-in-differences 

analysis requires a large dataset because it hinges on finding an appropriate control firm for each 

treatment firm identified from a pool of many candidate control firms. Second, some of KLD 

data are more complete (e.g., strengths and concerns for labor rights and endogenous peoples) in 

the 2000s. Third,  this sample period mostly falls in the post-Reg FD era in which analysts 

arguably assess firms more objectively because they have lower incentives to curry favor with 
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managers of companies they cover to try to obtain private information (see e.g., Herrmann, Hope 

and Thomas (2008)). 

I obtain company financials and stock price data from Compustat and CRSP, 

respectively. Analyst coverage data come from I/B/E/S, which I supplement with the information 

on brokerage closures and mergers from Hong and Kacperczyk (2010) and Kelly and Ljungqvist 

(2012). I use the I/B/E/S Broker Translation File (BRAN) to match brokerage firm names with 

I/B/E/S identifiers.  

KLD evaluates a firm’s social performance along seven major dimensions: community, 

diversity, employee relations, environment, human rights, product quality/safety, and corporate 

governance. For each dimension, KLD rates firms on several sub-topics and counts the number 

of strengths and concerns. Following the prior literature (e.g., Hong, Kubik, and Scheinkman 

(2012), and Servaes and Tamayo (2013)), I do not consider issues related to corporate 

governance as CSR activities. Moreover, as in Servaes and Tamayo (2013), I also exclude 

product-related issues, which focus on product quality, safety and innovation, which have clear 

strategic implications for firms. Besides, prior studies have separately studied the relation 

between analyst coverage and some elements of product-related activities, such as 

innovativeness (e.g., He and Tian (2013)).  

With the remaining five categories48, I calculate a company’s CSR score in a given year 

by subtracting its total concerns from total strengths as follows: 

CSRit = ΣCSR Strengthsit – ΣCSR Concernsit       (1) 

where i indexes firm and t indexes time. 

                                                 
48 My main conclusions do not change if I include the product category in calculating CSR scores. 
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My main explanatory variable of interest is a company’s analyst coverage. To measure 

analyst coverage, I follow the previous literature (e.g., He and Tian (2013)) and, for each fiscal 

year and firm, calculate the average of the 12 monthly number of earnings forecasts obtained 

from I/B/E/S summary file (Coverage). My control variables include measures of firm size (book 

assets), valuation (market to book ratio), and performance (profitability) because large, profitable 

and highly valued companies are more likely to engage in CSR (see, e.g., Hong, Kubik and 

Scheinkman (2012)). On the other hand, constraints on discretionary spending created by debt, 

dividends and business risks might reduce a firm’s discretionary spending on CSR. So I also 

control for firms’ total risk proxied by stock return volatility, book leverage and a dummy 

variable indicating whether the firm pays dividends or not. These control variables are similar to 

those found to be important by previous studies in predicting a firm’s involvement in CSR (e.g., 

Di Giuli and Kostovetsky (2014)). 

Panel A of Table 1 defines the main variables of interest and panel B presents their 

summary statistics. The sample for my baseline analyses consists of up to 16,529 firm years. The 

mean (median) number of CSR strengths and concerns are 1.35 (1.0) and 1.45 (1.0), resulting in 

a mean (median) CSR score of -0.11 (0.00). Each CSR component, namely community, 

diversity, employee relations, environment and human rights has a median of 0 but these 

components assume values ranging from -5 to +7. The sample firm receives a mean (median) of 

6.05 (5.09) average of the 12 monthly number of earning forecasts (Coverage) in a year. The 

average (median) firm has book assets of about $6.9 ($1.2) billion, market to book ratio of 1.74 

(1.30), profitability of 3% (5%), an annual stock return of 18% (10%), and book leverage of 19% 

(15%). About 14% of firm-years pay dividends during my sample period. 
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5.4 Results and discussion 

I begin this section by estimating some baseline regressions of CSR on analyst coverage 

in section 5.4.1. In section 5.4.2, I deal with identification issues by employing the DiD 

technique by using exogenous shocks to analyst coverage caused by brokerage mergers and 

closures, and conduct some robustness checks. In section 5.4.3, I estimate a two-stage least 

squares regression using an instrumental variable for analyst coverage. 

5.4.1 Baseline regressions 

I estimate the following regression to examine how analyst coverage affects CSR 

activities: 

CSRi, t+1 or CSRi, t+2 = α + βCoveragei,t + γControlsi,t + Yeart + Firmi + εit   (2) 

where i and t represent firm and year. CSR is defined as the difference between total 

strengths and total concerns obtained from KLD data. Analyst coverage (Coverage) is measured 

as the average of the 12 monthly number of earnings forecasts a firm receives over the fiscal year 

t. I estimate the effect of analyst coverage in year t on CSR activities both in year t+1 and t+2 

because I expect the effect of analyst following on CSR to show up with some lag as investments 

in CSR are likely to take some time to come to fruition. For example, it might take a few years to 

change the production technology to make them more environmentally friendly, or to build 

amenities for the surrounding community. Consistent with this idea, Di Guili and Kostovetsky 

(2014) notice persistence in KLD scores. Controls is a vector of control variables, as discussed in 

section 5.2, that are also likely to affect CSR activities. Year stands for year fixed effects, which 

controls for any common trend in CSR over time. Firm captures firm fixed effects.  
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The results from different regression specifications are shown in Table 2. First, I estimate 

a parsimonious regression of CSRt+1 only on my main variable of interest, Coverage, and year 

fixed effects. As shown in column 1 of Table 2, this model obtains a positive and significant 

coefficient on the Coverage variable suggesting a positive correlation between analyst following 

and CSR. In column 2, when I add firm fixed effects to the model, the coefficient on Coverage 

changes sign to negative and becomes statistically significant at the 5% level, suggesting a 

negative relation between analyst coverage and CSR. These results indicate that time-invariant 

firm effects that are omitted from the regression are important in the relation between analyst 

coverage and CSR, and emphasize the role of endogeneity in the relation between these two 

variables. Perhaps a firm’s time-invariant culture of philanthropy, location, business model etc. 

are important determinants of both its CSR activities and analyst following. As shown in column 

3, the coefficient on Coverage remains negative and statistically significant when other time-

varying control variables are introduced to the model. 

Columns 4, 5 and 6 estimate a similar set of regressions of the effect of analyst coverage 

on CSR scores two years in the future (CSRt+2). Once again, the regression model without firm 

fixed effect obtains a positive sign on Coverage but the sign changes once firm fixed effects are 

introduced in the model as shown in column 5. The result continues to hold in column 6 when 

other time varying control variables are introduced. Confirming the sticky nature of KLD scores, 

the negative influence of analyst coverage manifest more strongly on CSR activities two years in 

the future both in terms of economic magnitude and statistical significance. 

Among the control variables, profitability seems to have a positive effect on CSR. On the 

other hand, stock volatility, perhaps reflecting higher business risks, tends to have a negative 

effect on CSR. Similarly, dividend paying firms tend to have lower CSR scores plausibly 
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because a commitment to dividend payments reduces the funds available for more discretionary 

spending. Some control variables such as firm size and book to market do not obtain statistically 

significant signs, which is mainly due to the inclusion of firm fixed effect in the model. 

Panel B presents the results of the effect of analyst coverage on different components of 

the CSR scores, namely community, diversity, employment, environmental and human rights. 

Each of these components are calculated by subtracting total concerns from total strengths in 

their respective categories. As the effect of analyst coverage seems to manifest more strongly in 

two years, I present the regressions of CSR scores two years in the future using the full set of 

controls. The results reveal that analyst coverage has a negative and significant influence on four 

out of five components of my CSR measure. I do not delve into why analyst coverage does not 

have the expected sign on one of the components because individual components tend to be 

noisier than the sum. However, it is reassuring that the results are not entirely driven by any one 

component.  

5.4.2 Identification 

The results from the baseline models with firm fixed effects are suggestive of a causal 

effect of analyst coverage on CSR. However, there is still a concern if time-varying factors that 

are correlated with both analyst coverage and CSR activities, but are omitted from the 

regressions, might be biasing the results.  

In this section, I deal with this endogeneity issue by employing brokerage closures and 

mergers as quasi-natural experiments that can lead to a plausibly exogenous decrease in firms’ 

analyst coverage. These events have several desirable qualities that make them suitable 

instruments for a clean identification of the effect of analyst coverage on CSR. First, prior 

studies have done extensive analyses to establish that loss of analysts due to brokerage closures 
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and mergers are exogenous to the policies of firms they follow. Second, these events are spread 

out over time and across industries and affect a large number of firms (see, e.g., Kelly and 

Ljungqvist (2010, 2012)), a feature that mitigates the concern that that some other time-series 

events which coincide with brokerage disappearance could be driving the results.  

I estimate the effect of the loss of analyst coverage on CSR by employing a difference-in-

differences (DiD) methodology, which is designed and implemented as follows. 

5.4.2.1 Design of the experiment 

In the 2000s, many brokerage houses were forced to close their research departments due 

to adverse changes in revenue from trading, market-making and investment banking, which 

traditionally subsidized their equity research function. Since these closures were because of 

reasons unrelated to the firms they followed, these events serve as a source of exogenous shock 

to these firms’ analyst coverage. For more details, see Kelly and Ljungqvist (2010, 2012). 

The second source of plausibly exogenous variation in analyst coverage is due to 

brokerage mergers (see Hong and Kacperczyk (2010) and Kelly and Ljungqvist (2010, 2012)). 

When two brokerage houses merge, the new entity often ends up with duplicate analysts 

covering the same firm, so one analyst is often let go. This results in a plausibly exogenous 

decrease in the number of analysts following a firm. 

In their papers, Hong and Kacperczyk (2010) and Kelly and Ljungqvist (2012) publish 

tables with information about the brokerage houses that either closed or merged with another 

brokerage houses. I use these tables along with the I/B/E/S detail history file and the 2009 

version of the I/B/E/S Broker Translation File (BRAN) to identify the closed/merged brokerage 
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houses and firms they used to cover49. In case of brokerage closures, the treatment firms are the 

ones which, in a given year, experience the closure of at least one brokerage house that used to 

follow them. In case of brokerage mergers, the treatment firms are the ones which are followed 

by both the acquirer and target brokerage houses before the merger so that there is duplication in 

coverage after the merger. In particular, for each merger, I use the I/B/E/S identifiers of the 

merging brokerage houses and identify all the firms that were issued at least one earnings 

forecasts by the target and acquirer brokerages one year prior to the merger date. For each 

merger, I create two sets of companies: one which were followed by the bidding brokerage 

house, and the other by the target brokerage house. The intersection of the two sets is the set of 

the companies that are covered by both houses before the merger. After the merger, due to 

overlapping coverage, one of the analysts is often let go. So firms followed by both analysts lose 

one of them. 

These two sets of firms that lose analysts due to brokerage closures and mergers 

constitute my treatment group. On the other hand, the control group is comprised of firms which 

do not experience the disappearance of a covering brokerage firm in the given year, but are 

similar to the treatment firms in several important dimensions. For each treatment firm, I find 

one control firm in the same fiscal year, in the same size (book assets) and market to book ratio 

quintiles in the year before the brokerage disappearance (year t-1) that has the same number of 

unique analysts in the year of brokerage disappearance (t).50 For a cleaner test, I also require that 

the control firm is not a treatment firm in the immediately preceding year (t-1). If there are more 

                                                 
49 On occasion, I had to look up the SDC platinum database, Factiva news archives and other Internet 

sources to gather more precise information on these mergers and closures. 
50 For example, a firm loses a brokerage house sometime during its fiscal year 2003 (t=2003). I find a 

control firm matched on firm characteristics in the year 2002 (t-1). Usually analysts that disappear in 

2003 are still counted in 2003 because they exist during part of the year. So I match the number of 

analysts in year t. 
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than one candidate control firms for a treatment firm, I calculate the difference in book assets 

between the treatment firm and the candidate control firms and, for each treatment firm, retain 

one control firm with the smallest difference in book assets.51  

Since investments in CSR activities are likely to be sticky and require some time to 

adjust, I examine the effect of a loss of analyst coverage on CSR up to two years after the 

brokerage disappearance, which is consistent with the baseline regressions in sub-section 5.3.1. 

Therefore, I require both my treatment and control firms to have CSR data for two years before 

and after the brokerage closure/merger (t-2 to t+2), and to have non-missing matching variables 

in year t-1. Thus, I focus on brokerage closures and mergers from fiscal years 2001 to 2008, and 

I end up with 394 treatment-control pairs for the main DiD estimation. 

Figure 1 shows the difference in analyst following between the treatment group and the 

matched control group five years around the shock. The average difference in the number of 

analysts one year before the event is 0.185, and after the event it is -0.800, which verifies that the 

treatment group lost an average of about one analyst due to the disappearance of the brokerage 

house compared to the control group (-0.808-0.185=-0.993). 

5.4.2.2 The DiD estimation 

A valid DiD estimation requires at least two conditions. First, the treatment and control 

samples should be similar in all important dimensions before the event; the only difference 

                                                 
51 Any matching scheme involves a tradeoff between minimizing the distance between treatment and control 

firms in important characteristics, and obtaining a large enough sample size to allow for powerful statistical 

tests. These rather stringent matching criteria for my main difference-in-differences (DiD) tests accomplish 

the objective of obtaining a control group that is similar to the treatment group in important dimensions (in 

particular the control variables in the baseline regressions, and initial analyst following), with a reasonable 

sample size. My main conclusions remain the same when I match on other plausible criteria, as discussed 

in my robustness checks.  
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between the two groups should be that the former experiences an exogenous decrease in analysts 

but the latter does not. This restriction ensures that the estimated partial effect is not an artifact of 

systematic differences in treatment and control firms. Second, there should not be a difference in 

the trend in CSR before the event (parallel trend assumption). 

Panel A of Table 3 shows the comparison of key firm characteristics between the 

treatment and control samples after matching. Before the shock, all the differences in important 

firm characteristics between the treatment and the matched control groups are insignificant. In 

particular, the treatment and control samples have similar sizes both in terms of book assets and 

market capitalization, they have similar book to market ratio, book leverage, dividend paying 

status, and past returns. The treatment firms seem to have marginally higher levels of stock 

volatilities but the economic magnitude of the difference is very small. These matched variables 

are important predictors of both CSR activities and analysts’ decisions to follow a firm (Di Guili 

and Kostovetsky (2014), and He and Tian (2013)). Equally important, as shown in the last row of 

Panel A, there is no statistically significant difference in the growth rates of CSR from year t-2 to 

year t-1 between the treatment group and the control group. This shows that the treatment and 

the control groups did not have different pre-trends in CSR before the loss of brokerage house. 

So the parallel trend assumption is satisfied. Figure 2 shows graphically that the lines 

representing the average CSR scores of the treatment and the control group from t-2 to t-1 are 

parallel to each other. It is important to note that parallel trend assumption does not require the 

treatment and control groups to have the same level of CSR before the shock, but only that the 

trend in the changes in CSR leading up to the shock should not be different. 

Overall, the matching process seems to have removed most of the important observable 

differences between treatment and control groups before the event. Since the treatment and 
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control samples are very similar in important dimensions, and there is no pre-trend in CSR 

leading up to the shock, the difference in differences in CSR before and after the shock between 

the two samples can plausibly be attributed only to the exogenous loss of analysts. 

Panel B of Table 3 reports the main results of DiD estimation using the matched sample. 

The first row shows that the average difference in raw CSR in the treatment group between year 

t-1 and t+1 is 0.24, whereas this difference for the control group is zero. Consequently, the DiD 

estimate for the CSR score is 0.24, which is statistically significant at the 5% level. In economic 

terms, an exogenous decrease in analyst coverage causes a firm to increase its CSR scores by 

about 11% of its standard deviation between year t-1 and t+1. The second row shows the DiD 

estimates of the CSR scores between years t-1 and t+2. The difference in average CSR in the 

treatment group is 0.35 while the difference in the control group is a much smaller -0.05. This 

yields a DiD estimate of 0.40 which is statistically significant at the 1% level. In terms of 

economic significance, an exogenous drop in analyst coverage leads to an increase in CSR score 

equal to 18% of its standard deviation.  

The positive causal effect of coverage loss on CSR implies that firms followed by more 

(fewer) analysts tend to have lower (higher) CSR scores. This result supports the agency-based 

explanation that pressure from financial analysts to perform leads managers to cut back on 

discretionary spending, such as CSR. To further explore this explanation, I next examine if the 

effect of analyst coverage on CSR is more pronounced among firms that are typically more 

likely to spend on CSR activities. Hong, Kubik and Scheinkman (2012) find that less financially 

constrained firms are more likely to engage in socially responsible activities, casting doubt on 

the profit motive and supporting the agency view of CSR spending. An implication of their 

finding for this study is that that effect of loss of analysts on CSR should be more pronounced 
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among firms that are less financially constrained. To test this conjecture, I employ two measures 

of financial constraint: Hadlock and Pierce (2010)’s size–age (SA) Index and their improved 

version of Kaplan and Zingales index (New KZ index).52 For both indices, a higher number 

implies a higher degree of financial constraint. As shown in panel B of Table 3, the positive 

effect of exogenous loss in analysts on CSR is stronger among firms which are less (below 

median) financially constrained before the event. Similarly, this effect is stronger among 

profitable firms than among loss-making firms. 

Next, I examine if the negative effect of analyst following on CSR activities depends on 

the number of analysts following the firm. Intuitively speaking, loss of an analyst should have a 

larger effect on CSR in firms which are followed by very few analysts to begin with. I test this 

conjecture in the next two rows of Table 3, panel B, where I find that treatment firms that are 

followed by few analysts (<10) CSR gain higher scores than those that are covered by many 

analysts before the shock. 

The next test serves to further verify whether the increase in CSR scores after the 

brokerage mergers/closures is indeed due to loss of analysts. For the main DiD test, I focus on 

the loss of analyst due to only two reasons, brokerage closures and mergers because these events 

are plausibly exogenous to firm policies. However, firms gain and lose analysts for many other 

reasons. It is possible that loss of analysts due to brokerage closures and mergers is offset by gain 

in analysts for other reasons. In other words, even if the expected (average) decrease in analyst 

                                                 
52 Following Hadlock and Pierce (2010), I calculate the SA Index as follows: -0.737*min(log(45,000), 

log(AT)) + 0.043*min(log(45,000)2, log(AT)2)- 0.040*min(37, Firm Age), and the improved KZ index as 

follows: -0.009*(IB + DP))/lag(PPENT)+ 0.031*(AT + PRCC_F*CSHO - CEQ - TXDB)/AT+ 

2.463*(DLTT+DLC)/(DLTT+DLC+ SEQ) +0.224*(DVC+DVP)/lag(PPENT) + 0.017*CHE/lag(PPENT). 

All the variables are from Compustat. Firm age is estimated by using the first year a firm appears in 

Compustat. 
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due to brokerage mergers/closures is 1 (as shown by Figure 1), the realized loss is not always 1. 

In some cases, such offsetting effects might dampen the impact of the loss of an analyst due to 

brokerage mergers/closures on CSR. The last two rows find that the effect of loss of an analyst 

on CSR due to brokerage mergers/closures is more pronounced among firms for which the 

realized difference in analyst following is less than zero from t-1 to t-2. In other words, firms are 

more likely to increase spending on CSR because of exogenous loss of analyst coverage if the 

loss is not offset by a gain in analysts for other reasons.  

5.4.2.3 Robustness 

The exercise of constructing samples for my main DiD analysis aimed at obtaining 

control firms that comparable to the treatment firms in important dimensions before the 

exogenous loss in analyst coverage. This allowed me to establish that the change in CSR scores 

after the brokerage mergers/closures is caused by the loss in analyst coverage, rather than by 

differences in firm characteristics. In this section, I perform a number of robustness checks of my 

main DiD results to address the concern that our observed DiD results might be an artifact of a 

specific matching scheme. 

Panel A of Table 4 reports the results of DiD estimation with several alternate matching 

strategies, and an alternate calculation of CSR. I start by a crude matching of the treatment and 

control firms, where I match each treatment firm with control firms only on the basis of the fiscal 

year in which the treatment firm experienced a brokerage closure/merger. As shown in row 1 of 

Table 5, even with this crude matching scheme, my main DiD results continue to hold. 

Interestingly, while this approach obtains much larger t-statistics due to larger sample sizes, the 

point estimates are similar to those from the main DiD estimates. This result suggests that the 
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conclusions drawn from the main matched-sample DiD analysis is not an artifact of the specific 

matching scheme.  

My main DiD estimation allows at most one control firm per treatment firm because I 

only retain the control sample with the smallest difference in size. However, as shown in row 2, 

the DiD estimates essentially remain unchanged when I do not apply the “minimum size 

difference” filter, and allow for all the control firms that the rest of the matching criteria 

generate.  

Third, in addition to being in the fiscal same year, and in the same size and book-to-

market ratio quintiles, I now require the treatment and control firms to be in the same Fama-

French 12 industry, and the same quintile of analyst following. In row 3, the DiD estimates are 

positive and significant at the 1% level, in agreement with the main results.  

Fourth, in addition to the usual matching criteria, I also require the treatment and control 

firms to be in the same tercile of CSR scores before the shock. This criterion alleviates the 

concern that that economic magnitudes of the effects of the shock is not comparable because the 

level of CSR between treatment and control samples is not the same before the shock. The DiD 

estimates obtain positive coefficients as before. However, the statistical significance becomes 

weaker mainly because this much more stringent matching scheme obtains a much smaller 

sample size. 

Fifth, as another way to address the concern that CSR scores of treatment and control 

samples are not the same before the shock, I follow He and Tian (2013)’s method and run the 

DiD analysis on CSR scores normalized by the pre-event averages of CSR over the treatment 

and control groups. CSR scores can be negative but total strengths and concerns cannot be. So, to 

obtain a pre-scaled CSR score, I scale the total strength (total concern) of each firm by the pre-



 

166 

 

event average total strength (total concern) of the treatment and the corresponding control firm. I 

then subtract the pre-scaled total concern from the pre-scaled total strength to calculate the pre-

scaled CSR. This method mitigates the issue arising from the difference in pre-event CSR scores 

between the treatment and control samples. As shown in row 5 of panel A, the DiD estimates on 

the normalized (pre-scaled) CSR supports the conclusion from my main analysis  

Sixth, I employ an alternative way of calculating CSR scores (Scaled CSR) which adjusts 

for the possibility that firms are not evaluated along the same dimensions of CSR each year. 

Following Servaes and Tamayo (2013), I calculate Scaled CSR by scaling the number of each 

firm’s CSR strengths and concerns by the maximum number of strengths and concerns any firm 

receives in a given year, and subtract the scaled concerns from the scaled strengths as follows. 

Scaled CSRit = Σ(CSR Strengthit/Max CSR Strengthst)–Σ(CSR Concernsit/Max CSR Concernst)  

(3) 

The results of DiD estimates of scaled CSR, reported in row 6, supports the conclusions 

from the analysis of raw CSR scores. Specifically, an exogenous loss of analysts leads to an 

increase in scaled CSR scores, and this effect is larger in year t+2. This result suggests that the 

observed effects of broker disappearance on CSR are unlikely to driven by the changes in how 

CSR is measured. 

Next, I address the concern that the observed effect of brokerage disappearance on CSR 

might be driven by time-series events coincident with the events of brokerage disappearance. My 

main DiD analysis pools together all the brokerage disappearance events, which may raise a 

concern that my results are driven by one particular year of large number of brokerage mergers 

and closures. To mitigate this concern, in the spirit of Irani and Oesch (2013), I conduct DiD 
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analyses for each year of analyst disappearance separately. The results are presented in panel B 

of Table 4. In most years, DiD estimates obtain a positive coefficient, although they are 

statistically stronger in 2001, 2004 and 2008. However, my full sample results are not driven 

only by these years. As shown in the last four rows of panel B, the main results hold if I exclude 

observations for 2001, 2004 and 2008 either separately or together from the sample. Not 

surprisingly, the statistical significance weakens in the last case. 

Overall, my main results are robust to different matching schemes, alternative definitions 

of CSR, and are not driven by an outlier event in a single year. 

5.4.3 More on identification: instrumental variable approach 

My main identification strategy of using the DiD technique exploits complete 

disappearance of brokerage houses either through closures or mergers. However, quite often 

brokerage houses respond to changes in revenue and profitability simply by expanding or 

downsizing their research departments rather than completely shutting them down or selling 

them off. Reducing the size of the research department involves laying off some of the existing 

analysts, which consequently leads some firms to lose analyst coverage. Importantly, the 

expansion or downsizing of brokerage houses are mostly driven by these houses’ internal reasons 

and are unlikely to be related to CSR activities of the firms they follow. Yu (2008), and He and 

Tian (2013) provide several real-world examples that supports this view.53 Therefore, the 

                                                 
53 Yu (2008) discusses Lehman Brothers’ decision to downsize its research department as a result of a large 

operating loss in 1990. He and Tian (2013) discuss the examples of Prudential Financial Inc.’s 2007 

announcement to substantially wind down its equity research group because of its underperformance 

compared to its parent company, Barclays’s 2012 decision to expand its Taiwan-based equity research team 

due to its continued earnings growth in brokerage business, and William Capital Group’s expansion of its 

equity research group in 2011 to remain competitive by catering to its clients’ demand for research.    
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variation in the size of the brokerage houses provides an opportunity to exploit plausibly 

exogenous variation in a firm’s analyst coverage. 

To provide broader evidence of causality from my entire sample, I next use a two-stage 

least squares regression (2SLS). Specifically, I follow Yu (2008), and He and Tian (2013) and 

create an instrumental variable called Expected Following to capture the variation in analyst 

coverage due to a change in brokerage size as follows: 

ExpFollowi,t,j = (Broker Sizej,t/Broker Sizej,0) × Followi,0  (4) 

and 

ExpFollowi,t = ∑N
j = 1

 ExpFollowi,t,j    (5) 

Where ExpFollowi,t,j is the expected number of analysts following firm i from broker j in 

year t. Broker Sizej,t and Broker Sizej,0 are the numbers of analysts employed by broker j in year t 

and the benchmark year 0, respectively. N is the total number of brokers following the firm and 

ExpFollowi,t is the total expected number of analysts following firm i in year t, conditioned on 

changes in brokerage house sizes. Following Yu (2008), I constrain ExpFollowi,t,j to a maximum 

of one because brokerage houses seldom assign more than one analyst at a time for a firm. I set 

my benchmark year (t = 0) as 2001, the first year in my sample. Since some firms are not 

covered by any analysts in 2001, I lose some observations because I cannot calculate 

ExpFollowi,t,j for them. I also exclude observations from the benchmark year 2001.  

I employ ExpFollowit as an instrumental variable for Coverage and estimate a two-stage 

least squares (2SLS) regression. One concern with this instrument is that brokerage houses 

choose which firms to stop following after a downsizing. However, as Yu (2008) argues, this 

potential issue of selection bias only affects realized (i.e. actual) coverage, not expected 
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coverage, which measures the propensity of coverage continuation before the brokerage house 

decides which firms to follow. 

Column 1 of Table 5 presents the results of the first stage regression of the 2SLS with 

Coverage as the dependent variable and ExpFollow as an exogenous explanatory variable. The 

control variables, not reported for brevity, are the same as in my baseline regressions presented 

in Table 2 and include firm and year fixed effects. The standard errors are robust to 

heteroscedasticity and are clustered at the firm-level.54 The first stage regression obtains a 

positive and highly significant coefficient on ExpFollow in predicting Coverage. The level of 

statistical significance of ExpFollow in predicting Coverage suggests that the instrument is not 

weak. 

Columns 2 and 3 of Table 5 present the results of the second stage regressions of CSRt+1 

and CSRt+2, respectively with the predicted Coverage as the main explanatory variable. 

Consistent with my baseline findings, coefficients on instrumented coverage are negative, and 

are highly statistically significant. This 2SLS estimation utilizes most of the available sample, 

and reinforces the conclusion of a negative causal effect of analyst coverage on CSR obtained by 

my DiD analysis. 

The economic magnitudes of Coverage in predicting CSR are substantially larger than 

those obtained from regressions without the correction for endogeneity reported in Table 2. This 

difference is likely a product of two underlying forces. First, it indicates the direction of bias in 

the regression estimates if the endogeneity in coverage is not controlled for. In particular, it 

suggests that some omitted variables simultaneously affect CSR spending as well as analyst 

                                                 
54 I estimate this regression using Stata module “xtivreg2” written by Schaffer (2005)  
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coverage in the same direction. For instance, an increase in a firm’s business uncertainty might 

force it to cut back on CSR activities, and at the same time, deter sell-side analysts, whose job of 

predicting future earnings becomes more difficult (see, e.g., Graham, Harvey, and Rajgopal 

(2005)). Also, a favorable change in a firm’s investment opportunity might attract more analyst 

coverage as well as more attention of local community and CSR lobbyists. This positive 

correlation between analyst coverage and CSR due to time-varying omitted variables biases the 

coefficient of Coverage upwards (i.e., makes it less negative) in predicting CSR. The second 

reason could be that both cross-sectional and time series variation in analyst coverage is likely to 

have significant randomness. So, analyst coverage is a noisy proxy for external monitoring that 

can put pressure on managers for performance. Consequently, regression attenuation due to this 

measurement error might bias the coefficient on (endogenous) Coverage towards zero (less 

negative). 

Overall, our evidence from DiD estimates and the instrumental variable technique 

suggests that there is a negative causal relation between firms’ analyst coverage and CSR. This 

result supports the agency-based hypothesis of analysts’ influence on CSR. 

5.5 Underlying channels 

In this section, I discuss some underlying channels through which analysts cause a 

decrease in a firm’s CSR activities. Several existing studies point out a number of potential 

underlying channels that help explain the negative causal effect of analysts on CSR found in this 

study. So, the focus of this section is primarily discussing existing findings and reconciling them 

to the findings of the present study. Section 5.5.3 provides empirical evidence that reinforces the 

conclusion from these discussions. 
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5.5.1 Less opportunity to manage earnings 

Greater analyst following has two effects that can compound the problem of managers 

who are worried about their reputation. First, analysts put pressure on managers to meet their 

earnings benchmarks. Second, they make accruals-based earnings management, one popular tool 

managers use to meet those benchmarks, more difficult (Yu (2008)). Given the recent finding 

that CSR has no positive impact on future sales or profitability (Di Guili and Kostovetsky 

(2014)), at least in the short run, one plausible pathway to meet analyst expectation is to cut back 

on discretionary CSR spending. Consistent with this idea, Irani and Oesch (forthcoming) find 

that a decrease in analyst coverage leads to a decrease in real earnings management.  

5.5.2 Decrease in managerial ownership 

Managers derive utility from at least two sources at their work: 1) pecuniary benefits 

from cash compensation and equity holdings, and 2) non-pecuniary benefits from managerial 

perks and pet projects, which further managers’ personal interests and are considered agency 

problems. Cheng, Hong and Shue (2014) show that CSR is due to managerial agency problems 

because an increase in managerial ownership leads to a decline in corporate goodness. Kelly and 

Ljungqvist (2012) find that firms that lose analysts due to exogenous reasons experience share 

price declines of 1.12% to 2.61%, with no short-term reversal. This decline in share price 

potentially decrease managers’ equity interest in these firms. As Cheng, Hong and Shue (2014) 

suggest, a drop in managerial ownership leads managers to invest more in CSR because marginal 

utility from altruistic activities exceed those from shareholder value-maximizing projects. So, a 

decrease in managerial equity ownership in the firm may be one of the mechanisms through 

which loss in analyst coverage causes an increase in CSR activities. 
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5.5.3 Evidence from SG&A spending 

Guili and Kostovetsky (2014) find that KLD CSR scores can be significantly predicted 

with a firm’s Selling, General and Administrative (SG&A) expenses. This is because better KLD 

score comes from spending on charitable giving, prevention of pollution, employee benefits, and 

health and safety programs etc., most of which are a part of SG&A. However, they find that 

better KLD scores do not contribute to sales and, in fact, contribute negatively to stock returns at 

least in the short run. In other words, a higher KLD score is associated with a higher SG&A 

expense for a given level of sales without any measurable benefit to the shareholders. Naturally, 

to the extent that financial analysts put pressure on managers for short-term financial 

performance, a firm followed by more analysts should have a lower SG&A expenses on average. 

To test this conjecture, I examine whether firms which exogenously lose analysts increase 

their SG&A to sales ratio subsequently. As before, I use a DiD framework. Since SG&A to sales 

ratios tend to vary significantly across industries (see e.g., Baumgarten, Bonenkamp, Homburg 

(2010)), for cleaner comparison, I employ the matching scheme that requires the treatment and 

control firms to also be in the same industry, as shown in row 3 of Table 4, panel A. 

The DiD estimates reported in Table 6 suggest that the treatment group increase their 

SG&A to sales ratio by 0.019 more than the control group from the year t-1 to t+1. This estimate 

is statistically significant at the 10% level. This difference becomes larger (0.039) and statistically 

significant at the 1% level from the year t-1 to t+2.  

Furthermore, Di Guili and Kostovetsky (2014) show that the SG&A expense is more likely 

to contribute to CSR in larger (higher market capitalization) firms. Accordingly, I find the 

immediate change in SG&A to sales ratio, i.e., from year t-1 to t+1, is larger (0.026 vs. 0.013) and 
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statistically more significant (1% vs. insignificant) among the sample of treatment firms with 

above-median market capitalization. 

Overall, the evidence of increase in SG&A ratio following the loss of analyst coverage 

suggests that pressure from financial analysts lead firms to cut on SG&A expenses which are 

wasteful from shareholders’ perspective but which contribute positively to their CSR scores.  

5.6 Conclusion 

Using a unique setting, this study contributes to the debate on whether corporate social 

responsibility (CSR) is an agency issue or something beneficial to shareholders. I build on a rich 

prior literature that uncovers financial analysts’ role as an influential external monitoring 

mechanism that improves firm governance. I examine how firms adjust their involvement in 

CSR as a response to a change in their monitoring environment caused by a change in analyst 

coverage.  

I find that firms with greater analyst coverage obtain lower CSR scores as measured by 

their KLD ratings. To establish causality, I employ two identification strategies. First, I 

implement a DiD technique by using brokerage closures and mergers as plausibly exogenous 

shocks to analyst coverage. I find that firms which lose analysts for exogenous reasons 

subsequently achieve higher CSR scores. Second, I estimate a 2SLS regression by using an 

instrumental variable for analyst coverage, and find similar results. 

My finding of a negative causal effect of analyst coverage on CSR is consistent with the 

view that firms’ CSR activities represent an agency problem (i.e., managers do good with other 

people’s money), and that financial analysts act as effective external monitors and force 

managers to reduce discretionary spending on CSR. One caveat is that we still do not know a 
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great deal about the benefits and costs of CSR to either equityholders or a broader group of 

stakeholders especially in the long-run, which makes it difficult to assess the net impact of CSR. 

Furthermore, even if my findings suggest that financial analysts generally have positive effect on 

a firm’s existing shareholders by showing that they curtail spending that is wasteful for 

shareholders, these results are agnostic to the issue of whether CSR is good for society as a 

whole, and how financial analysts affect the welfare of stakeholders other than shareholders. 
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Table 5.1: Variable definitions and summary statistics 

Panel A of this table defines main variables of interest. Panel B shows summary statistics of the main variables based 

on the sample of firms from 2001 to 2011. 

 

Panel A: Variable definitions 

Variable Definition 

CSR Strengths The sum of strength scores for community, diversity, employee relations, 

environment, and human rights components (com_str_num + div_str_num 

+  emp_str_num + env_str_num + hum_str_num): From KLD 

CSR Concerns The sum of concern scores for community, diversity, employee relations, 

environment, and human rights components (com_con_num + 

div_con_num +  emp_con_num + env_con_num + hum_con_num): From 

KLD 

CSR CSR Strengths - CSR Concerns  

Community 
Community: Number of Strengths - Number of Concerns (com_str_num - 

com_con_num) ): From KLD 

Diversity 
Diversity: Number of Strengths - Number of Concerns (div_str_num - 

div_con_num) ): From KLD 

Employee Rel. 
Employee Relations: Number of Strengths - Number of Concerns 

(emp_str_num - emp_con_num) ): From KLD 

Environment 
Environment: Number of Strengths - Number of Concerns (env_str_num - 

env_con_num) ): From KLD 

Human Rights 
Human Rights: Number of Strengths - Number of Concerns (hum_str_num 

- hum_con_num) ): From KLD 

Coverage Arithmetic mean of 12 monthly number of earnings forecasts a firm 

receives over the fiscal year: From I/B/E/S 

Book Assets ($ millions) Total Assets (AT): From Compustat 

Market to Book Ratio (Market value of common stock + total debt + preferred stock – deferred 

taxes and investment tax credit) / Book Assets 

(PRCC_F*CSHPRI+DLC+DLTT+PSTKL-TXDITC/AT): From 

Compustat 

Profitability Net Income/Book Assets (NI/AT): From Compustat 

Stock Return Holding period stock return over the fiscal year: From CSRP 

Total Risk Standard deviation of daily stock return for the fiscal year: From CSRP 

Dividend Payer An indicator variable that equals one if a firm pays cash dividends on 

common equity (DVC), and zero otherwise: From Compustat 

Leverage Book leverage ((DLTT+DLC)/AT): From Compustat 
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Panel B: Summary statistics 

 

 Obs. Mean S.D. 

10th 

Per. 

25th 

Per. Median 

75th 

Per. 90th Per. 

CSR Strengths 16529 1.35 2.20 0.00 0.00 1.00 2.00 4.00 

CSR Concerns 16529 1.45 1.47 0.00 0.00 1.00 2.00 3.00 

CSR 16529 -0.11 2.28 -2.00 -1.00 0.00 1.00 2.00 

Community 16529 0.06 0.51 0.00 0.00 0.00 0.00 0.00 

Diversity 16529 0.11 1.41 -1.00 -1.00 0.00 1.00 2.00 

Employee Rel. 16529 -0.20 0.89 -1.00 -1.00 0.00 0.00 1.00 

Environment 16529 -0.02 0.83 -1.00 0.00 0.00 0.00 1.00 

Human Rights 16529 -0.06 0.27 0.00 0.00 0.00 0.00 0.00 

Coverage 16529 6.05 4.21 1.54 2.94 5.09 8.27 11.97 

Book Assets ($ 

millions) 16529 6878 33587 183 412 1191 3836 13568 

Market to 

Book Ratio 16529 1.74 1.39 0.64 0.88 1.30 2.09 3.41 

Profitability 16529 0.03 0.13 -0.07 0.01 0.05 0.09 0.13 

Stock Return 16529 0.18 0.59 -0.40 -0.15 0.10 0.38 0.78 

Total Risk 16529 0.11 0.13 0.02 0.04 0.07 0.13 0.24 

Dividend Payer 16529 0.14 0.35 0.00 0.00 0.00 0.00 1.00 

Leverage 16529 0.19 0.20 0.00 0.00 0.15 0.31 0.45 
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Table 5.2: Baseline regressions of CSR on analyst coverage 

Panel A presents the regression of future CSR scores on analyst coverage and other control variables. All variables 

are defined in Panel A of Table 1. Panel B presents regressions of different components of CSR. Standard errors are 

robust to heteroscedasticity and clustered at the firm level; t-statistics are reported in parentheses. ***, **, and * 

indicate statistical significance levels of 1%, 5% and 10%, respectively. 

Panel A: Analyst Coverage and CSR 

 (1) (2) (3) (4) (5) (6) 

 CSRt+1 CSRt+1 CSRt+1 CSRt+2 CSRt+2 CSRt+2 

Coverage 0.152*** -0.023** -0.024** 0.160*** -0.059*** -0.063*** 

 (11.50) (-2.21) (-2.16) (10.84) (-4.79) (-4.90) 

Log(Book 

Assets)   -0.092   -0.033 

   (-1.35)   (-0.43) 

Log(Market 

to Book)   -0.028   0.089 

   (-0.48)   (1.32) 

Profitability   0.448***   0.683*** 

   (3.11)   (3.89) 

Stock Return   -0.070**   -0.076** 

   (-2.55)   (-2.36) 

Total Risk   -1.004***   -1.471*** 

   (-6.99)   (-6.76) 

Dividend 

Payer   -0.195***   -0.198*** 

   (-3.00)   (-2.96) 

Leverage   0.256*   0.222 

   (1.76)   (1.35) 

Constant -0.516*** -0.290*** 1.239** -0.536*** -0.060 1.423** 

 (-3.62) (-3.27) (2.47) (-3.43) (-0.48) (2.45) 

Firm Fixed 

Effects No Yes Yes No Yes Yes 

Year Fixed 

Effects Yes Yes Yes Yes Yes Yes 

Observations 16529 16529 16529 13908 13908 13908 

R2 0.087 0.023 0.032 0.092 0.040 0.054 
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Panel B: Analyst coverage and CSR components 

 (1) (2) (3) (4) (5) 

 

Community 

t+2 

Diversity 

t+2 

Employee 

Rel. 

t+2 

Environment 

t+2 

Human Rights 

t+2 

Coverage -0.006* -0.018*** 0.003 -0.034*** -0.007*** 

 (-1.78) (-2.68) (0.43) (-6.29)    (-3.47) 

Log(Book 

Assets) 0.014 0.095** -0.038 -0.094*** -0.009 

 (0.63) (2.42) (-1.07) (-2.85)    (-0.71) 

Log(Market to 

Book) 0.006 0.083** -0.028 0.019    0.009 

 (0.29) (2.31) (-0.90) (0.68)    (0.78) 

Profitability -0.052 0.199** 0.275*** 0.228*** 0.033 

 (-1.16) (2.10) (3.28) (3.24)    (1.31) 

Stock Return -0.002 -0.044*** -0.003 -0.021    -0.006 

 (-0.26) (-2.68) (-0.20) (-1.62)    (-1.26) 

Total Risk -0.284*** -0.267** -0.223** -0.666*** -0.031 

 (-5.93) (-2.15) (-2.27) (-7.27)    (-1.23) 

Dividend Payer 0.023 -0.086** 0.029 -0.152*** -0.013 

 (1.25) (-2.50) (0.88) (-5.01)    (-1.21) 

Leverage 0.108** 0.078 -0.036 0.074    -0.003 

 (2.34) (0.84) (-0.44) (1.01)    (-0.12) 

Constant 0.216 -0.822*** 0.304 1.604*** 0.121 

 (1.34) (-2.74) (1.14) (6.36)    (1.39) 

Firm Fixed 

Effects Yes Yes Yes Yes Yes 

Year Fixed 

Effects Yes Yes Yes Yes Yes 

Observations 13908 13908 13908 13908    13908 

R2 0.049 0.175 0.051 0.198    0.034 
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Table 5.3: Difference-in-differences (DiD) tests 

This table reports the results from difference-in-differences (DiD) analysis of how exogenous shock to analyst 

coverage affects CSR scores. The sample covers 394 treatment-control pairs from fiscal year 2001 to 2008 with non-

missing matching variables and non-missing CSR variables during a five year window around brokerage 

closures/mergers (t+2, t-2). Construction of the treatment and control samples is described in section 5.4.2.1 of the 

text in detail. Treatment firms are the ones which lose brokerage houses due to mergers or closures in a given year. 

Control firms are obtained by matching the candidate control firms to the treatment firms on the number of analyst 

following a firm in year t, book assets quintile and market to book ratio quintile in year t-1. Panel A reports the 

difference in the treatment and the control sample in several important dimensions after the matching. Panel B reports 

the main results of the DiD estimation. Panel C reports the DiD estimates conditional on two measures of financial 

constraints: 1) Hadlock and Pierce (2010)’s size–age index (SA Index), and 2) their improved version of Kaplan 

Zingales’ Index (New KZ Index); profitability; number of analysts before the brokerage closure and merger shocks 

(Initial Coverage); realized loss of analysts after the shocks (Realized Difference Analysts). ***, **, and * indicate 

statistical significance levels of 1%, 5% and 10%, respectively. 

Panel A: Differences in treatment and control post-match before the event 

 Treatment Control Difference p-value 

Number of Analystst-1 16.42 16.23 0.19 0.38 

Market to Book Ratiot-1 1.86 1.89 -0.03 0.48 

Total Assets,  in $Millionst-1 11339.90 12014.03 -674.13 -0.22 

Market Cap,  in $Millionst-1 11980.32 11316.22 664.10 0.73 

Profitabilityt-1 0.05 0.05 -0.01 -1.25 

Stock Returnt-1 0.19 0.22 -0.03 0.23 

Volatilityt-1 0.05 0.05 0.00* 0.07 

Dividend Payert-1 0.21 0.21 0.00 1.00 

Leveraget-1 0.20 0.20 -0.00 0.80 

CSR Growth (t-2 to t-1) -0.02 -0.01 -0.01 0.98 

 

Panel B: Difference-in-differences (DiD) estimates 

Variable Treatment Control DiD t-stat 

Diff. CSR (t-1, t+1) 0.24 0.00 0.24** 2.44 

Diff. CSR (t-1, t+2) 0.35 -0.05 0.40*** 3.37 
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Panel C: DiD conditional on financial constraints, initial coverage and realized coverage loss 

Sub-samples 
DiD 

(t-1, t+1) 
t-stat 

DiD 

(t-1, t+2) 
t-stat 

Less  Financially Constrained (SA 

Index<Median) 0.48*** 2.88 0.68*** 3.6 

More  Financially Constrained (SA 

Index>=Median) 0.05 0.42 0.15 1.07 

 

Less  Financially Constrained (New KZ 

Index<Median) 0.26** 2.02 0.46*** 3.12 

More  Financially Constrained (New KZ 

Index>=Median) 0.23 1.42 0.31 1.64 

 

Profitability>0 0.26** 2.33 0.45*** 3.52 

Profitability<=0 0.18 0.74 0.08 0.29 

     

Initial Coverage <10 0.54*** 2.69 0.51** 2.32 

Initial Coverage >=10 0.19* 1.66 0.37** 2.77 

 

Realized Difference in Analysts<0 0.30** 1.99 0.48** 2.59 

Realized Difference in Analysts>=0 0.20 1.46 0.32** 2.16 
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Table 5.4: Robustness checks for Difference-in-differences (DiD) analysis 

This table reports several robustness tests for the main DiD analysis. Panel A presents DiD analysis with sample 

matched on different criteria, and alternative ways to define CSR.  See section 5.4.2.3 of the text for more details. 

Crude Match matches each treatment firm with control firm only on the basis of the fiscal year of brokerage 

closure/merger. One to Many Match does not apply “minimum size difference” filter and allows for multiple matches 

per treatment firm. Industry Match requires treatment and control firms to be in the same Fama-French 12 industry. 

CSR Match requires the treatment and control firms to be in the same tercile of CSR scores before the shock. Pre-

scaled CSR is CSR score normalized by the pre-event averages of CSR over the treatment and control groups. Scaled 

CSR is obtained by scaling the number of each firm’s CSR strengths and concerns by the maximum number of 

strengths and concerns any firm receives in a given year, and subtracting the scaled concerns from the scaled strengths. 

Panel B presents separate DiD estimates for each fiscal year associated with brokerage closures/mergers. The sample 

covers fiscal year 2001 to 2008 with non-missing matching variables and non-missing CSR variables during a five 

year window (t+2, t-2) around the event year. ***, **, and * indicate statistical significance levels of 1%, 5% and 

10%, respectively. 

Panel A: Alternative matching schemes and alternative definitions of CSR 

  DiD 
t-stat 

DiD 
t-stat 

  (t-1, t+1) (t-1, t+2) 

1. Crude Match 0.26*** 5.51 0.35*** 6.00 

2. One to Many Match 0.22*** 2.67 0.36*** 3.87 

3. Industry Match 0.34*** 4.07 0.44*** 4.63 

4. CSR Match 0.16 1.28 0.31** 2.29 

5. Pre-scaled CSR 0.30*** 3.08 0.49*** 4.05 

6. Scaled CSR 0.02** 2.43 0.03*** 3.05 

 

Panel B: Year-by-year DiD 

Year by Year 
DiD 

t-stat 
DiD 

t-stat 
(t-1, t+1) (t-1, t+2) 

2001 0.8* 2.14 1.4** 3.5 

2002 0.08 0.21 0.0435 0.08 

2003 0 0 -0.75 -0.4 

2004 0.75* 1.81 0.97** 2.05 

2005 0.2179 1.49 0.3652* 1.68 

2006 0.3333 0.52 0.1333 0.25 

2007 0.1325 0.83 0.1453 0.93 

2008 0.25 1.14 1.88*** 3.46 

     

Omit 2001 0.2435** 2.35 0.3821*** 3.23 

Omit 2004 0.1994* 1.91 0.337*** 2.82 

Omit 2008 0.2527** 2.31 0.29** 2.5 

Omit all three years 0.1863* 1.65 0.2036* 1.68 
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Table 5.5: Two-stage least squares (2SLS) estimates using expected analyst following as an 

instrument 

This table presents the estimates of 2SLS regression of one- and two-year-ahead CSR outcomes on analyst coverage, 

with expected following (ExpFollow) as an instrumental variable. The R2 on the first stage is overall and for second 

stage, they are within firm, obtained by separately running first and second stage regressions. ***, **, and * indicate 

statistical significance levels of 1%, 5% and 10%, respectively. 

 (1) (2) (3) 

 

First Stage: 

Coverage 

Second Stage: 

CSRt+1 

Second Stage: 

CSRt+2 

Coverage (Instrumented)  -0.367*** -0.300*** 

  (-9.18) (-7.78) 

ExpFollow 0.441***   

 (24.62)   

Firm Controls Yes Yes Yes 

Firm Fixed Effects Yes Yes Yes 

Year Fixed Effects Yes Yes Yes 

Observations 14899 14899 12524 

R2 0.520 0.063 0.074 
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Table 5.6: Potential underlying channel 

This table reports the results from difference in difference (DiD) estimation on how exogenous shock to analyst 

coverage affects selling, general and administrative expenses to sales ratio (SG&A/Sales). The sample covers fiscal 

year 2001 to 2008 with non-missing matching variables and non-missing CSR variables during a five year window 

(t+2, t-2) around the event year. The control sample is found by matching the candidate control firms to the treatment 

firms on the quintile of analyst following a firm in year t, book assets quintile and market to book ratio quintile and 

Fama-French 12 industry in year t-1. ***, **, and * indicate statistical significance levels of 1%, 5% and 10%, 

respectively. 

  DiD 
t-stat 

DiD 
t-stat 

  (t-1, t+1) (t-1, t+2) 

SG&A/Sales 0.019* 1.84 0.039*** 3.12 

SG&A/Sales (Larger Firms) 0.026*** 2.74 0.031*** 3.05 

SG&A/Sales (Smaller Firms) 0.013 0.69 0.046** 2.08 
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Figure 5.1: Difference in the average number of analysts between treatment and control 

groups five years around brokerage closures/mergers 

 
 

 

Figure 5.2: Average CSR scores of treatment and control groups five years around the 

brokerage closures/mergers 
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