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1 Introduction

Recent decades have witnessed a remarkable growth in “Environmental, Social, and Governance”

(ESG) investing. According to GSIA (2021), global ESG investment reached US$35.3 trillion (over

one third of global assets under management) in 2020. The question whether incorporating ESG

considerations into investment strategies helps or hurts financial performance has occupied the

minds of academics and investors alike.

A popular view in both academic research and the financial industry is that investors can

“do well while doing good.” For example, in a survey of over 2,000 empirical studies, Friede,

Busch, and Bassen (2015) conclude that “the business case for ESG investing is empirically very

well founded.” Indeed, improving financial returns is a key motivation for ESG investing among

financial institutions (Dyck, Lins, Roth, and Wagner 2019, BlackRock 2020, BNP Paribas 2021) and

mutual fund investors view sustainability as positively predicting future performance (Hartzmark

and Sussman 2019). Yet, there are reasons to be skeptical about a consistently positive relation

between ESG and stock returns. First, many underlying studies are limited in scope. They use

ESG ratings from a single provider even though there are large differences across providers (Berg,

Koelbel, and Rigobon 2022). They use short sample periods even though results may then be

driven by temporary investor demand effects (Pástor, Stambaugh, and Taylor 2022). They use data

on U.S. stocks only even though the majority of of global sustainable assets are elsewhere (GSIA

2021). Second, several prominent papers indicate that sustainability may be inversely related to

stock returns (Hong and Kacperczyk 2009, Chava 2014, Bolton and Kacperczyk 2021, 2023), in line

with theoretical predictions (Fitzgibbons, Pedersen, and Pomorski 2021, Pástor, Stambaugh, and

Taylor 2021). In a recent literature review, Liang and Renneboog (2021) thus conclude that “there

is still no consensus about [whether] ESG-based investing helps or hurt performance.”

We aim to synthesize the evidence by using a comprehensive database covering 16,368 unique

stocks traded in 48 countries between 2001 and 2020, and by using ESG ratings from seven major

rating agencies. To our knowledge, this is the most comprehensive database assembled to date to

study the relation between ESG and stock returns.1

1After posting a first version of this paper in June 2022, we became aware of several related papers, including
Berg, Lo, Rigobon, Singh, and Zhang (2023), Karolyi, Andrew, and Xiong (2023), and Lindsey, Pruitt, and Schiller
(2023). Please see below for a discussion of how we deviate from these papers.
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We start out by examining whether ESG ratings predict cross-sectional variation in stock returns

in our global sample. We do so by estimating monthly Fama and MacBeth (1973) cross-sectional

regressions of the returns on individual stocks on each of the seven individual ESG ratings (FTSE,

ISS, MSCI IVA, Refinitiv, RepRisk, S&P Global, and Sustainalytics) as well as on two versions of

a “composite” ESG measure that is computed as the average by stock across multiple ESG ratings.

In line with Berg et al. (2022), we find that correlations across ESG ratings of different raters

are also low globally, at around 0.5 to 0.6. Our regressions include a considerably more extensive

set of stock-level control variables (market beta, size, book-to-market, investment, profitability,

momentum, volatility, leverage, tangibility, R&D) than in many other studies, to preclude that any

ESG effect is driven by one of the other well-known cross-sectional return predictors.

Our main finding is that there is very little evidence that ESG is related to future stock re-

turns (controlling for other stock characteristics). This finding holds across the seven individual

ESG ratings and the two composite ESG ratings. Since there are strong country- and industry-

level components in ESG ratings (Gillan, Koch, and Starks 2021), we rerun our analyses using

country- and/or industry-adjusted ESG ratings and obtain similar results. We further estimate

our regressions separately for different geographic regions; for different subperiods of our full sam-

ple period 2001-2020; for the E, S, and G subratings individually; and also for ESG momentum

(Bekaert, Rothenberg, and Noguer 2023) and find no consistent evidence of a relation between ESG

and stock returns. Since Fama-MacBeth regressions take an investor perspective in the sense that

the ESG coefficients in the monthly cross-sectional regressions can be interpreted as the monthly

returns on a zero-investment portfolio that is invested according to the ESG signal (and since we

take appropriate lags into account such that the strategy is implementable in practice), we thus

find that incorporating ESG considerations into investment strategies did not systematically affect

investment performance over 2001-2020.

One potential reason for the lack of a relation between ESG and stock returns is that investors

may be uncertain about the “true” ESG rating of a stock, given the difficulties in measuring a firm’s

ESG performance (Berg et al. 2022). Avramov, Cheng, Lioui, and Tarelli (2022) present a model

in which ESG uncertainty weakens the relation between ESG and stock returns, and find support

for the model’s predictions in U.S. data. Using our global sample with seven different ESG ratings,

we re-estimate their regressions of stock returns on ESG and an interaction term of ESG with an
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indicator variable for stocks with low ESG uncertainty. In line with their empirical findings and

their model, we obtain a significantly negative coefficient on the interaction term for U.S. stocks

in the first half of our sample period. However, the interaction coefficient is not significant for the

U.S. in the second half of our sample period (consistent with Avramov et al. 2022) nor for any other

major geographic region in either the first or the second half of our sample period. In sum, this

analysis suggests that ESG uncertainty can shed only limited light on the lack of a relation between

ESG and stock returns around the world.

The literature has also put forward various hypotheses on country characteristics that could

moderate the relation between ESG and stock returns. First, in countries with social norms re-

flecting more positive attitudes and beliefs regarding ESG issues, investors may have stronger ESG

preferences which may then be more likely to be priced in the stock market (Dyck et al. 2019).

Second, the incorporation of ESG information may be hampered by the poor quality of ESG disclo-

sure standards (Ilhan, Krüger, Sautner, and Starks 2023), which vary considerably across countries

(Krüger, Sautner, Tang, and Zhong 2021). Third, in countries with stricter ESG regulations, in-

vestors may be more concerned about the potential financial consequences of ESG-related risks

(Bolton and Kacperczyk 2023). To assess these three hypotheses, we follow recent studies and

collect country-level data on a number of proxies for ESG social norms, ESG disclosure standards,

and the strictness of ESG regulations. We then estimate regressions of global stock returns on ESG

while adding interaction terms of ESG with these various country characteristics. We find little evi-

dence that these hypotheses are helpful in understanding cross-country variation in the ESG-return

relation.

Overall, our results indicate that there is no systematic relation between ESG and stock returns

over 2001-2020. Our main contribution is to synthesize the evidence using a large global database,

multiple ESG ratings, and appropriate statistical methods, thereby showing that prior results sug-

gesting a link between ESG and stock returns do not systematically hold in a global sample. We

deviate from related efforts by Berg et al. (2023), Karolyi et al. (2023), and Lindsey et al. (2023)

as – to the best of our knowledge – we are the only paper that combines a large global sample of

stocks with a substantial number (seven) of different ESG ratings and an extensive set of stock-level

control variables, while also examining ESG momentum as well as several hypotheses on how ESG

uncertainty and country characteristics could affect the relation between ESG and returns.
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2 Data

We construct a global database of monthly stock returns and characteristics covering the period from

January 2001 to December 2020 from the Center for Research in Security Prices (CRSP), Compustat

North America, and Compustat Global. These databases are survivorship bias-free and jointly

cover over 98% of worldwide market capitalization. We clean the data following Bessembinder,

Chen, Choi, and Wei (2019) and Chaieb, Langlois, and Scaillet (2021). Our analyses include the

following stock-level control variables: market beta, size, book-to-market, investment, profitability,

momentum, volatility, leverage, tangibility, and R&D (Hou, Kho, and Karolyi 2011, Fama and

French 2015, Bolton and Kacperczyk 2021). We match stock return data between July of year t+1

and June of year t+2 to accounting data available at the end of year t. We winsorize all control

variables at the 0.5% and 99.5% levels based on the whole sample distribution. We refer to the

Internet Appendix for a detailed explanation of the data filters, variable definitions, and sources.

We use the following seven different ESG ratings: FTSE, ISS, MSCI Intangible Value Assessment

(MSCI IVA), Refinitiv, RepRisk, S&P Global, and Sustainalytics – which have broad global coverage

and are among the most widely used by investors (SustainAbility 2020). We re-scale each ESG rating

to range from zero to 100, where 100 indicates the best ESG performance. We use both the RepRisk

index (RRI) and the RepRisk rating (RRR), which, in contrast to the other ratings, quantify firms’

reputational risk exposure to ESG issues – and thus we invert both ratings to increase with ESG

performance (decrease with ESG reputational risk).2 We also use the separate environmental (E ),

social (S ), and governance (G) subratings from each rater, re-scaled to range from zero to 100. We

match stock return data in a particular month with the most recent ESG ratings available in the

previous month. For raters that provide annual instead of monthly ESG ratings, we assume that

investors observe the rating with a delay of six months.

To examine whether aggregating ESG ratings across different raters could potentially reduce

noise and strengthen the relation with stock returns, we construct two versions of a “composite”

ESG measure that is the average by stock across multiple ESG ratings. We do not include RepRisk

in these composite ratings since RepRisk ratings differ both conceptually and empirically from

2RRR adjusts the RRI by taking into account both the sector in which the firm operates and the countries where
firms are headquartered and experienced ESG risk incidents. We convert the ten RRR letter rankings to a range
from zero to 100 such that 100 corresponds to the lowest ESG reputational risk.

4



the other ratings, as discussed below (but our findings do not change when including RepRisk).

Composite 6 is the average rating across all six raters (other than RepRisk) and is missing for

stocks not covered by all six raters raters in a specific month. Since Composite 6 is characterized

by a lot of missing values, we also compute Composite 3+ as the average rating across at least three

raters (other than RepRisk) and is missing for stocks covered by fewer than three raters in a specific

month. Because the statistical distributions differ across raters, we follow Gillan et al. (2021) and

convert the ratings at each point in time to percentile ranks before averaging.

Our final final database covers 16,368 stocks traded in 48 countries from January 2001 to De-

cember 2020. We impose the starting date for each rating to be the first date in which at least 120

stocks are rated by that rating. The Internet Appendix provides detailed summary statistics and

information on the coverage of our sample. We note that the coverage differs substantially across

raters and, as a result, we impose a starting date of January 2014 for the composite ratings.

Figure 1 shows pooled correlations across the different ESG ratings. In particular, this figure

shows the average correlations across all rater-pairs for five major geographic regions (Asia-Pacific,

Emerging Countries, Europe, Japan, North America) and for the global sample, as well as the

average correlation excluding RepRisk, and the minimum (and minimum excluding RepRisk) and

maximum correlation across rater-pairs by region. The Internet Appendix presents the same corre-

lations separately for the E, S, and G subratings. Three findings emerge. First, both globally and

for each region, the average correlations across ESG ratings are far from perfect; they range from

around 0.5 to 0.6 (0.3 to 0.4) if we exclude (include) RepRisk – extending the findings of Berg et al.

(2022) to a global sample. In line with Berg et al. (2023), we find that, remarkably, the RepRisk rat-

ings are negatively correlated with the other ratings even while they have an inverted scale. Second,

there is substantial variation in correlations across rater pairs, with global ESG rating correlations

reaching a maximum of 0.73 and a minimum of 0.37 (-0.40) if we exclude (include) RepRisk. Third,

average correlations across raters (excluding RepRisk) are highest for the overall ESG rating (0.59),

followed by the E (0.56), S (0.49), and G (0.33) subratings.3

3This pattern may be expected since ESG ratings likely average out noise and E tends to be more objectively
measured than S and G (Gillan et al. 2021). For example, whereas carbon emissions are an objective measure raters
agree on, it is less clear whether gender parity is better captured by gender seniority gaps, gender pay gaps, or
the number of sexual harassment lawsuits. G is also prone to disagreement given the lack of agreement on what
constitutes good corporate governance and the possibility that optimal governance arrangements may vary across
countries (Black, Carvalho, and Érica Gorga 2012).
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3 Results

In this section, we examine the relation between ESG ratings and stock returns (Section 3.1), we

study whether ESG uncertainty weakens the relation between ESG and stock returns (Section 3.2),

and we assess three hypotheses from the literature on country characteristics that could moderate

the relation between ESG and stock returns (Section 3.3).

3.1 Are ESG ratings related to stock returns?

Table 1 presents the results of monthly Fama-Macbeth cross-sectional regressions of stock returns on

lagged ESG ratings and control variables. Each column (1) through (10) shows the average coeffi-

cient (and associated Newey and West (1987) t-statistic with automatic lag selection in parentheses)

for the eight individual ESG ratings (including RRI and RRR from RepRisk) and the Composite

3+ and Composite 6 ratings, as well as for all control variables in the model. The bottom three

rows show the number of stock-month observations included in the regressions, the average R2, and

the first month in the sample for which that particular rating is available.

The main finding in Table 1 is that there is very little evidence that ESG is related to stock

returns in our global sample from 2001-2020. Of the ten ESG ratings considered in Table 1, only

one rating (ISS) has a coefficient that is statistically significant (point estimate of 0.007, significant

at the 10% level). For the other ratings, coefficients vary between -0.006 and 0.003 (thus assuming

both negative and positive values) and are not significant at conventional significance levels.

The effect size (economic significance) of the ESG coefficients is also small. The largest coefficient

in absolute value (0.007 for ISS) indicates that a one standard deviation increase in ESG is associated

with a relatively modest additional stock return of 1.23% per annum.4 Effect sizes for the other

ratings tend to be considerably smaller. Thus, the very weak statistical evidence in Table 1 is not

just due to limited statistical power, but also due to the small ESG coefficient point estimates.5

4Even this effect size based on the largest (and the only significant) ESG coefficient in Table 1 is notably smaller
than, for example, the additional stock return of 1.8% to 4.0% per annum (depending on the specification) associated
with a one standard deviation increase in carbon emissions documented by Bolton and Kacperczyk (2021).

5The coefficients on the control variables in Table 1 are largely insignificant – except size, profitability, and R&D
in a number of the regression models – in line with Green, Hand, and Zhang (2020), who find that only two out of
the 94 stock characteristics they consider independently predict stock returns. Gibson et al. (2021), who also study
ESG ratings, similarly find little evidence of stock return predictability based on stock characteristics. The strongest
predictor in Table 1 is R&D, consistent with Hou, Hsu, Wang, Watanabe, and Xu (2022). In unreported analyses,
we find very similar results on the ESG-return relation when we drop R&D as control variable.
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The lack of evidence on a relation between ESG and stock returns in our global sample is striking

in light of the large number of studies suggesting a positive relation (Friede et al. 2015). We also

note that averaging ESG ratings across different raters (as in our Composite 3+ and Composite 6

ratings) does not seem to be an effective way to reduce the noise in a potential “ESG signal” about

future stock returns. One alternative interpretation of Table 1 is that the ISS ESG rating does

have a reliably positive association with stock returns around the world. However, we note that

our statistical tests do not account for the issue of multiple tests of the same hypothesis, and that

finding one significant ESG coefficient at the 10% level in 10 tests, under the null hypothesis that

the ESG coefficient is equal to zero, is exactly what one would expect if the test is well-specified.

Of course, it is possible that the results would be stronger under different empirical specifications,

or for specific subsamples of our large global sample. To assess this possibility, Figure 2 (Panels A–

F) graphically presents the results of six different variations of the baseline regressions presented in

Table 1. Each panel of Figure 2 shows the point estimates (in bars) – with associated 95% and 99%

Newey-West confidence intervals – of the coefficients on the 10 different individual and composite

ESG ratings from Table 1. In other words, each bar represents the ESG coefficient from a separate

regression that deviates in one dimension from the baseline regression specification in Table 1 (but

with the same control variables).

One issue that may be relevant is that ESG ratings exhibit strong country- and industry-level

components (Gillan et al. 2021), which raises the question whether a firm’s ESG performance should

be evaluated globally or relative to its country and/or industry peers. Panel A of Figure 2 shows

the results when we country- and/or industry-adjust by demeaning ESG ratings each month at the

country-, industry-, or country- and industry-level. We use six-digit Global Industry Classification

Standard Codes (GICS) and assign stocks to countries based on the location of the stock exchange

where the stock is listed. For comparison, Panel A also shows the baseline results with unadjusted

ratings.6 The bottom line is that these adjustments do not materially alter the magnitude or

statistical significance of the coefficients. Out of the 30 coefficients on the adjusted ESG ratings in

Panel A, only the one on the country-adjusted ISS rating is significant at the 5% level or better.

Panel B of Figure 2 shows the ESG coefficient estimates of our baseline regressions estimated

6For expositional reasons, Figure 2 does not show 90% confidence intervals, which is why the coefficient on the
non-adjusted ISS ESG rating (significant at the 10% level in Table 1) appears insignificant in Panel A of Figure 2.
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separately for the E, S, and G subratings. Such subratings are not available for the RRR rating

from RepRisk. None of the 27 subrating coefficients in Panel B is statistically significant, and the

effect sizes, if anything, are smaller in absolute value than those in Table 1. In unreported analyses,

we reach the same conclusion when we country- and/or industry-adjust the subratings.

We further estimate our regressions separately for different major geographic regions: Asia-

Pacific, Emerging Countries, Europe, Japan, and North America. The results are in Panel C of

Figure 2. The finding that there is little evidence that ESG ratings are informative about future

stock returns also holds for every major region. Only six out of the 50 ESG coefficients in Panel

C are significantly positive: RRI for Asia-Pacific, Composite 3+ for North America, Composite 6

for Emerging Countries and Europe, and ISS for Europe and North America. In addition, S&P

is significantly negative for Japan. In light of the multiple testing problem, and given the lack

of consistency regarding which rating matters for which region, in our view the only appropriate

conclusion from Panel C is that there is no reliable evidence of a relation between ESG and stock

returns across these five major regions. In unreported analyses, we obtain similar results when we

country- and/or industry-adjust the ratings, or use the E, S, and G subratings instead.

Next, we examine the conjecture that the relation between ESG and stock returns may be

stronger in recent years in which attention for ESG considerations has increased. Panel D of Figure

2 shows the coefficient estimates from our global regressions (using non-adjusted, country- and/or

industry-adjusted ratings) estimated for the subperiod 2016-2020 that starts after the signing of the

Paris Climate Agreement in December 2015. We choose this subperiod for two reasons. First, the

Paris Agreement likely raised investor and consumer awareness of sustainability issues (Bolton and

Kacperczyk 2021). Second, in this subperiod, all ESG rating agencies we consider cover a substantial

number of stocks, thus potentially marking a greater maturity in the ESG rating industry, and

allowing for a more direct comparison of results across raters. The results are similar to those

presented in Panel A for the full sample period 2001-2020. Out of 40 ESG coefficients, only two are

significantly positive (country-adjusted ISS and country- and industry-adjusted MSCI) and one

is significantly negative (country- and industry-adjusted RRR).

The paucity of evidence of a relation between the E rating and global stock returns may be

surprising in light of Pástor et al. (2022), who find that green stocks (identified using the MSCI

E rating) outperformed in recent years (the “greenium”). To reconcile these seemingly conflicting
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findings, we rerun our analysis starting in November 2012 as in Pástor et al. (2022). Since they

study the U.S., use different control variables, and use a transformed version of the MSCI E rating,

we run separate analyses for the U.S. and the rest of world (RoW), use two different sets of control

variables, and use both our MSCI E rating (MSCI I) and the E rating of Pástor et al. (2022)

(MSCI II).7 The results are in Panel E of Figure 2. We replicate their key result: the coefficient on

both versions of the MSCI E rating is positive and significant for the U.S. when we control for the

stock characteristics corresponding to the Fama and French (2015) 5-factor model plus momentum.

Here, we also find a significantly positive coefficient for the ISS and Composite 3+ E ratings. With

the more elaborate controls, only the ISS E rating remains significant, whereas the Composite

3+ E rating is now marginally significant and the MSCI E rating becomes either insignificant or

marginally insignificant depending on the version of the rating used. For the RoW, none of the ten

E ratings is significant, regardless of the controls used. The latter finding is in line with Karolyi

et al. (2023), who conclude that the global greenium effect they document using the MSCI E rating

“mostly occurs in North America and during the period before 2016.”

Panel F of Figure 2 shows the results of our baseline analyses when we substitute the level of the

ESG ratings as in Table 1 with ESG momentum (Bekaert et al. 2023), which we define as the most

recent change in ESG ratings during the previous 12 months (using non-adjusted, country- and/or

industry-adjusted ratings). Out of the 40 coefficients on ESG momentum in Panel F, only one

is significantly positive (non-adjusted Composite 3+ momentum) and one is significantly negative

(country- and industry-adjusted S&P momentum). In short, we also find very little evidence that

ESG momentum helps explain the cross-section of stock returns. In unreported analyses, we obtain

similar results when we focus on different regions or E, S, and G subratings.

Overall, the evidence in Table 1 and Figure 2 indicates that the relation between ESG and global

stock returns over 2001-2020 is insignificant from both a statistical and an economic perspective -

also for different adjustment methods, for different regions, for the E, S, and G subratings, for the

period after the 2015 Paris Agreement, and for ESG momentum. In the next two subsections, we

investigate whether accounting for, respectively, ESG uncertainty and country characteristics can

shed more light on the ESG-return relation.

7Pástor et al. (2021) compute the E rating as − (10−E)×Eweight

100
where Eweight is the firm-specific weight assigned

to the E rating in the computation of the overall ESG rating.
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3.2 Is the ESG-return relation stronger when there is less ESG uncertainty?

Avramov et al. (2022) argue that uncertainty about a firm’s “true” ESG performance may have a

bearing on the relation between ESG and stock returns. In particular, their model and empirical

evidence for the U.S. stock market suggest a negative relation between ESG and stock returns –

but only when ESG uncertainty is low. Such a negative ESG-return relation is consistent with the

notion that investors’ non-pecuniary preferences for ESG may result in lower expected returns for

stocks with stronger ESG performance, in line with the theoretical models by Fitzgibbons et al.

(2021) and Pástor et al. (2021). Intuitively, ESG rating disagreement across different raters leads

investors to be uncertain about stocks’ ESG performance, thus impeding their ESG preferences

being incorporated into stock prices.

In this subsection, we examine the possibility that our finding of an insignificant ESG-return

relation so far changes when taking into account ESG uncertainty – which could arguably be greater

in our global sample than in the U.S. To this end, we follow Avramov et al. (2022) in measuring

stock-level ESG uncertainty as well as average ESG. First, each month, we convert each of our

ESG ratings to percentile ranks. Second, each month, we compute stock-level ESG uncertainty as

the standard deviation of these percentile ranks across the different ratings. Third, each month,

we compute stock-level average ESG as the average percentile rank across the different ratings,

imposing a minimum of two different ratings (Composite 2+). We exclude RepRisk ratings from

ESG uncertainty as well as Composite 2+ because RepRisk ratings are negatively correlated with

other raters, which would mechanically generate higher disagreement for stocks covered by RepRisk.

In line with Avramov et al. (2022), we further define a dummy variable (Low ESG uncertainty) that

equals one if a stock is among the 20% of stocks with lowest ESG uncertainty in a given month and

region, and zero otherwise.

In the spirit of Avramov et al. (2022), we then run Fama-Macbeth regressions of global stock

returns on Composite 2+ and Low ESG uncertainty, as well as the interaction of these two variables.

The hypothesis of interest is that the interaction term has a negative coefficient. We present the

results in Table 2. We show separate results for the pre-2013 (Panel A), post-2013 (Panel B),

and full sample period (Panel C), because Avramov et al. (2022) find that the interaction effect is

not significant in the most recent decade, which they attribute to the possibility that unexpected
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demand effects obscure the equilibrium relations predicted by their model in recent years. Each

Panel of Table 2 shows the coefficient estimates of Composite 2+, Low ESG uncertainty, and the

interaction term for each of the five major geographic regions, for the global sample, and – to

facilitate comparison with Avramov et al. (2022) – also separately for the U.S. We include the same

control variables as in Table 1, but their coefficients are suppressed to conserve space.

We confirm the key finding of Avramov et al. (2022) that the coefficient on the interaction term

is significantly negative for the U.S. (and also for North America) in the pre-2013 period but not

in the post-2013 period. Thus, we find evidence of a negative ESG-return relation for stocks with

low ESG uncertainty for the U.S. in the first half of the sample period. But there is no evidence

of a significantly negative interaction effect for any of the other regions or for the global sample,

neither pre-2013 nor post-2013. For Asia-Pacific pre-2013 and for Japan post-2013, we instead find

a sigificantly postive interaction effect.

Overall, the evidence in Table 2 suggests that accounting for ESG uncertainty adds little to our

understanding of the insignificant relation between ESG and global stock returns.

3.3 Does the ESG-return relation depend on country characteristics?

So far, our analyses have aggregated countries to the regional or global level, but the literature has

put forward various hypotheses on why and how the relation between ESG and stock returns could

exhibit heterogeneity across individual countries. In this subsection, we assess three different cross-

country hypotheses on the ESG-return relation (concerning country-level ESG social norms, ESG

disclosure standards, and ESG regulations). For each hypothesis, we briefly discuss the motivation

from the literature as well as the empirical proxies we use to test it, before turning to the results of

these tests. We refer to the Internet Appendix for a detailed description of the variables used.

3.3.1 ESG social norms

A key reason why ESG ratings could be related to stock returns is that investor preferences for

stocks with higher ESG ratings could result in (i) a positive ESG-return relation in the short term

as demand effects lead to these preferences being priced in (Pástor et al. 2022) or (ii) a negative

ESG-return relation in equilibrium (Fitzgibbons et al. 2021, Pástor et al. 2021). The ESG-return

relation could thus be stronger in countries with social norms reflecting more positive attitudes and

beliefs regarding ESG issues, as investors in these countries may have stronger ESG preferences
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(Dyck et al. 2019). These social norms can also play a role via a customer channel if stronger ESG

firms can increase sales more in countries where customers value ESG more (Aghion, Bénabou,

Martin, and Roulet 2023) and if these effects are not fully anticipated by financial markets.

We measure country-level ESG social norms in three different ways. First, following Krüger et al.

(2021), we construct two indices of social and environmental norms which aggregate the responses

to various survey questions in the Integrated Values Survey. Second, we use the indices of social

movement activity and associational activity developed by Welzel (2013), which measure the extent

to which individuals in a country are involved in social movements and recreational, humanitarian,

and environmental organizations, respectively. Third, we measure the political orientation of a

countries’ citizens based on whether their voting preferences and the political parties in power lean

towards the left or the right of the political spectrum, using various variables constructed based on

the Comparative Political Data Set.

3.3.2 ESG disclosure standards

Countries vary widely in the strictness of ESG disclosure standards (Krüger et al. 2021), possibly

leading to a poorer ESG information environment in some countries. Survey evidence indicates that

institutional investors consider data quality a key challenge in ESG investing (BNP Paribas 2023,

Ilhan et al. 2023). To the extent that stricter disclosure standards lead to the production of higher-

quality ESG information, ESG ratings may be more strongly related to stock returns in countries

with stricter ESG disclosure standards, because ESG ratings incorporate more value-relevant infor-

mation (Fitzgibbons et al. 2021) and/or because of a reduction in ESG rating uncertainty (Avramov

et al. 2022).

To measure country-level ESG disclosure standards, we follow Krüger et al. (2021) and exploit

the fact that several countries in our sample have passed mandatory ESG disclosure regulations at

different points during our sample period, while others did not (thereby creating a natural control

group). We define a dummy variable that equals one if a country has mandatory ESG disclosure

regulations in place at a given point in a time, and zero otherwise. We define similar variables for

the E, S, and G dimensions of ESG. Using the data compiled by Krüger et al. (2021), we further

use variables that isolate mandatory ESG disclosure (i) on a full-compliance basis as opposed to

comply-or-explain basis, (ii) mandated by government as opposed to other entities such as stock

exchanges, and (iii) mandated all at once for the three dimensions of ESG.
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3.3.3 ESG regulations

The strictness of a country’s regulations on ESG issues (beyond disclosure) could also affect the

strength of the ESG-return relation. For example, in countries with stricter environmental regu-

lations, investors may be more concerned about climate transitions risks (Bolton and Kacperczyk

2023). Along the social dimension, Edmans, Pu, Zhang, and Li (2021) find that the link between

employee satisfaction and stock returns is stronger in countries with less strict labor market laws, in

which the value of employee satisfaction (not immediately incorporated into stock prices) is greater.

We measure the strictness of environmental regulations with the OECD environmental policy

stringency index, the Yale University environmental performance index (which measures the perfor-

mance of government environmental policy), and the Access Initiative / World Resources Institute

environmental democracy index. These measures are widely used in the literature (Dyck et al. 2019,

Martínez-Zarzoso and Morales-Lage 2019). To measure the strictness of social regulations, we use

the employment laws index of Botero, Djankov, Porta, de Silanes, and Shleifer (2004), the labor

regulation index of the Fraser Institute, and two versions of the OECD employment protection

legislation used by Edmans et al. (2021).

3.3.4 Tests of the three cross-country hypotheses

In the spirit of Edmans et al. (2021) and Bolton and Kacperczyk (2023), we test these three cross-

country hypotheses by running panel regressions of stock returns on lagged ESG ratings, country

characteristics, and the interaction of the ESG ratings with the country characteristics. We include

one country characteristic and one interaction term per regression. We run each regression separately

for each of the ten ESG ratings from Table 1. We control for the full set of stock characteristics

used in Table 1 as well as country-month fixed effects. Standard errors are double clustered at the

month and stock levels. We start our sample in January 2014 to ensure sufficiently broad ESG

rating coverage. The hypotheses each predict significant coefficients on the interaction terms.

We summarize the results in Table 3. For brevity, the table does not report coefficient estimates,

but rather shows, for each country characteristic associated with one of the three hypotheses, the

number of coefficients on the interaction term (out of a maximum of ten coefficients corresponding

to the ten ESG ratings considered) that are statistically significant at the 5% level, as well as the

number of those significant coefficients that are positive. Panels A, B, and C show these numbers for

the hypotheses on, respectively, ESG social norms, ESG disclosure standards, and ESG regulations.
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In each panel, columns (1) through (4) show these numbers for, respectively, the ESG, E, S, and G

ratings. Column (5) shows the number of countries for which each country characteristic is available.

To illustrate the information presented, a hypothetical entry “5/3” in Table 3 would mean that, out

of the ten different ESG ratings, five exhibit a statistically significant interaction effect with a given

country characteristic, and that three of those five significant interaction coefficients are positive.

The main takeaway from Table 3 is that there is very little evidence that any of the 29 country

characteristics we used to test the three cross-country hypotheses significantly moderates the ESG-

return relation. Across all country characteristics and across the ESG, E, S, and G ratings, at most

one – and more often zero – out of the maximum of ten interaction terms (based on the ten different

ESG ratings) has a coefficient that is significant at the 5% level. We thus find little support for the

three hypotheses on how country characteristics could affect the ESG return-relation. These results

suggest that the lack of a relation between ESG and stock returns holds globally, irrespective of

cross-country differences in ESG social norms, ESG disclosure standards, and ESG regulations.

4 Conclusion

In contrast to prior studies, our analysis of a comprehensive global database (including 16,000+

stocks in 48 countries and seven different ESG rating providers over 2001-2020) uncovers very little

evidence that ESG ratings are related to stock returns around the world. Drawing up the bill of 20

years of ESG investing, our results indicate that ESG investment strategies have not systematically

come at the expense of financial returns, and thus it has been possible to “do good without doing

poorly.” Our findings also suggest that the prices of strong ESG stocks have not consistently been

driven up, and that, going forward, ESG investors could potentially still benefit from any demand

effects resulting in the pricing of ESG preferences. On the flip side, our analysis implies that ESG

investing has so far not been effective in reducing (increasing) the cost of equity capital of strong

(poor) ESG firms, which could lead firms to internalize climate and social externalities (Fama 2021,

Pástor et al. 2021). Further research is needed to examine whether the lack of a relation between

ESG and stock returns is due to the poor quality of ESG ratings, the less than pervasive prevalence

of ESG preferences among investors, the challenges in distinguishing between short-term demand

effects and long-term equilibrium effects, and/or other reasons.

14



References

Aghion P, Bénabou R, Martin R, Roulet A (2023) Environmental preferences and technological
choices: Is market competition clean or dirty? American Economic Review: Insights 5(1):1–19.

Avramov D, Cheng S, Lioui A, Tarelli A (2022) Sustainable investing with ESG rating uncertainty.
Journal of Financial Economics 145(2):642–664.

Bekaert G, Rothenberg R, Noguer M (2023) Sustainable investment – Exploring the linkage between
alpha, ESG, and SDGs. Sustainable Development 31(5):3831–3842.

Berg F, Koelbel JF, Rigobon R (2022) Aggregate confusion: The divergence of ESG ratings. Review
of Finance 26(6):1315–1344.

Berg F, Lo AW, Rigobon R, Singh M, Zhang R (2023) Quantifying the returns of ESG investing:
An empirical analysis with six ESG metrics, available at SSRN 4367367.

Bessembinder H, Chen TF, Choi G, Wei KJ (2019) Do global stocks outperform U.S. treasury bills?,
available at SSRN 3415739.

Black B, Carvalho A, Érica Gorga (2012) What matters and for which firms for corporate governance
in emerging markets? Evidence from Brazil (and other BRIK countries). Journal of Corporate
Finance 18(4):934–952.

BlackRock (2020) Global sustainable investing survey.

BNP Paribas (2021) The ESG global survey.

BNP Paribas (2023) The ESG global survey.

Bolton P, Kacperczyk M (2021) Do investors care about carbon risk? Journal of Financial Eco-
nomics 142(2):517–549.

Bolton P, Kacperczyk M (2023) Global pricing of carbon-transition risk. Journal of Finance Forth-
coming.

Botero J, Djankov S, Porta RL, de Silanes FL, Shleifer A (2004) The regulation of labor. Quarterly
Journal of Economics 119(4):1339–1382.

Chaieb I, Langlois H, Scaillet O (2021) Factors and risk premia in individual international stock
returns. Journal of Financial Economics 141(2):669–692.

Chava S (2014) Environmental externalities and cost of capital. Management Science 60(9):2223–
2247.

Dyck A, Lins KV, Roth L, Wagner HF (2019) Do institutional investors drive corporate social
responsibility? International evidence. Journal of Financial Economics 131(3):693–714.

Edmans A, Pu D, Zhang C, Li L (2021) Employee satisfaction, labor market flexibility, and stock
returns around the world. Management Science Forthcoming.

Fama E (2021) Contract costs, stakeholder capitalism, and ESG. European Financial Management
27(2):189–195.

15



Fama E, French K (2015) A five-factor asset pricing model. Journal of Financial Economics
116(1):1–22.

Fama E, MacBeth J (1973) Risk, return, and equilibrium: Empirical tests. Journal of Political
Economy 81(3):607–636.

Fitzgibbons S, Pedersen LH, Pomorski L (2021) Responsible investing: The ESG-efficient frontier.
Journal of Financial Economics 142(2):572–597.

Friede G, Busch T, Bassen A (2015) ESG and financial performance: Aggregated evidence from
more than 2000 empirical studies. Journal of Sustainable Finance & Investment 5(4):210–233.

Gibson R, Krüger P, Riand N, Schmidt P (2021) ESG rating disagreement and stock returns.
Financial Analysts Journal 77(4):104–127.

Gillan S, Koch A, Starks L (2021) Firms and social responsibility: A review of ESG and CSR
research in corporate finance. Journal of Corporate Finance 66, 101889.

Global Sustainable Investment Alliance (2021) Global sustainable investment review.

Green J, Hand J, Zhang XF (2020) The characteristics that provide independent information about
average U.S. monthly stock returns. Review of Financial Studies 30(12):4389–4436.

Hartzmark SM, Sussman AB (2019) Do investors value sustainability? A natural experiment ex-
amining ranking and fund flows? Journal of Finance 74(6):2789–2837.

Hong H, Kacperczyk M (2009) The price of sin: The effects of social norms on markets. Journal of
Financial Economics 93(1):15–36.

Hou K, Hsu PH, Wang S, Watanabe A, Xu Y (2022) Corporate R&D and stock returns: Interna-
tional evidence. Journal of Financial and Quantitative Analysis 57(4):1377–1408.

Hou K, Kho BC, Karolyi A (2011) What factors drive global stock returns? Review of Financial
Studies 24(8):2527–2574.

Ilhan E, Krüger P, Sautner Z, Starks LT (2023) Climate risk disclosure and institutional investors.
Review of Financial Studies 36(7):2617–2650.

Karolyi G, Andrew YW, Xiong WW (2023) Understanding the global equity greenium, available at
SSRN 4391189.

Krüger P, Sautner Z, Tang DY, Zhong R (2021) The effects of mandatory ESG disclosure around
the world. Working paper 754, European Corporate Governance Institute.

Liang H, Renneboog L (2021) Corporate social responsiblity and sustainable finance: A review of
the literature. Oxford Research Encyclopedia of Economics and Finance .

Lindsey LA, Pruitt S, Schiller C (2023) The cost of ESG investing, available at SSRN 3975077.

Martínez-Zarzoso ABM Inmaculada, Morales-Lage R (2019) Does environmental policy stringency
foster innovation and productivity in OECD countries? Energy Policy 134, 110982.

Newey WK, West KD (1987) Hypothesis testing with efficient method of moments estimation.
International Economic Review 777–787.

16



Pástor L, Stambaugh R, Taylor L (2021) Sustainable investing in equilibrium. Journal of Financial
Economics 142(2):550–571.

Pástor L, Stambaugh R, Taylor L (2022) Dissecting green returns. Journal of Financial Economics
146(2):403–424.

SustainAbility (2020) Rate the raters 2020: Investor survey and interview results, SustainAbility
Rate the Raters Research Series.

Welzel C (2013) Freedom Rising: Human Empowerment and the Quest for Emancipation (United
Kingdom. Cambridge University).

17



F
ig

u
re

1.
C

or
re

la
ti

on
s

of
E
S
G

ra
ti

n
gs

ac
ro

ss
ra

ti
n
g

ag
en

ci
es

T
hi

s
fig

ur
e

su
m

m
ar

iz
es

th
e

fu
ll

sa
m

pl
e

co
rr

el
at

io
ns

of
E

SG
ra

ti
ng

s
ac

ro
ss

ra
ti

ng
ag

en
ci

es
fo

r
ea

ch
ge

og
ra

ph
ic

re
gi

on
an

d
fo

r
th

e
w

or
ld

.
T

he
fir

st
co

lu
m

n
re

po
rt

s
th

e
av

er
ag

e
co

rr
el

at
io

ns
ac

ro
ss

al
lr

at
in

g-
pa

ir
s.

T
he

ta
bl

e
al

so
sh

ow
s

th
e

m
in

im
um

an
d

m
ax

im
um

co
rr

el
at

io
n

ac
ro

ss
ra

ti
ng

-p
ai

rs
.

Si
nc

e
th

e
R

ep
R

is
k

ra
ti

ng
is

ne
ga

ti
ve

ly
co

rr
el

at
ed

w
it

h
th

e
ot

he
r

ra
ti

ng
s,

w
e

al
so

re
po

rt
av

er
ag

es
an

d
m

in
im

a
of

co
rr

el
at

io
ns

ac
ro

ss
al

l
ra

ti
ng

-p
ai

rs
ot

he
r

th
an

R
ep

R
is

k.
T

he
co

rr
el

at
io

ns
ar

e
ba

se
d

on
al

lfi
rm

s
in

ou
r

sa
m

pl
e

an
d

on
th

e
fu

ll
sa

m
pl

e
pe

ri
od

fr
om

Ja
nu

ar
y

20
01

un
ti

lD
ec

em
be

r
20

20
.

18



F
ig

u
re

2.
E
S
G

ra
ti

n
gs

an
d

st
oc

k
re

tu
rn

s:
V

ar
ia

ti
on

s
of

th
e

b
as

el
in

e
re

su
lt

s

T
hi

s
fig

ur
e

sh
ow

s
th

e
re

su
lt

s
of

se
ve

ra
lv

ar
ia

ti
on

s
of

th
e

ba
se

lin
e

Fa
m

a-
M

ac
be

th
re

gr
es

si
on

s
in

T
ab

le
1

of
m

on
th

ly
st

oc
k

re
tu

rn
s

on
la

gg
ed

E
SG

ra
ti

ng
s

us
in

g
th

e
fo

llo
w

in
g

te
n

di
ffe

re
nt

ra
ti

ng
s:

F
T

SE
,I

SS
,M

SC
I

IV
A

,R
efi

ni
ti

v,
R

ep
R

is
k

(R
R

I)
,R

ep
R

is
k

(R
R

R
),

S&
P

G
lo

ba
l,

Su
st

ai
na

ly
ti

cs
,C

om
po

si
te

3+
,a

nd
C

om
po

si
te

6.
P
an

el
s

A
-F

pr
es

en
t

th
e

re
su

lt
s

of
si

x
di

ffe
re

nt
va

ri
at

io
ns

of
th

e
ba

se
lin

e
re

gr
es

si
on

s.
E

ac
h

pa
ne

lp
re

se
nt

s,
in

ba
rs

,t
he

co
effi

ci
en

t
on

th
e

di
ffe

re
nt

E
SG

ra
ti

ng
s

ob
ta

in
ed

in
se

pa
ra

te
re

gr
es

si
on

s
th

at
in

cl
ud

e
th

e
fu

ll
se

t
of

co
nt

ro
l

va
ri

ab
le

s
fr

om
T
ab

le
1.

C
on

fid
en

ce
in

te
rv

al
s

ar
e

de
pi

ct
ed

as
w

hi
sk

er
s

ar
ou

nd
th

e
po

in
t

es
ti

m
at

es
.

T
he

lo
ng

er
(s

ho
rt

er
)

w
hi

sk
er

s
re

pr
es

en
t

99
%

(9
5%

)
co

nfi
de

nc
e

in
te

rv
al

s.
C

on
fid

en
ce

in
te

rv
al

s
us

e
N

ew
ey

an
d

W
es

t
(1

98
7)

st
an

da
rd

er
ro

rs
w

it
h

au
to

m
at

ic
la

g
se

le
ct

io
n.

P
an

el
A

sh
ow

s
th

e
re

su
lt

s
w

he
n

us
in

g
co

un
tr

y-
an

d/
or

in
du

st
ry

-a
dj

us
te

d
E

SG
ra

ti
ng

s,
w

he
re

th
e

ba
se

lin
e

re
su

lt
s

ba
se

d
on

un
ad

ju
st

ed
ra

ti
ng

s
ar

e
in

cl
ud

ed
at

th
e

le
ft

-h
an

d
si

de
of

th
e

pa
ne

l.
P
an

el
B

sh
ow

s
th

e
re

su
lt

s
fo

r
th

e
E

,S
,

an
d

G
su

br
at

in
gs

.
P
an

el
C

sh
ow

s
th

e
re

su
lt

s
fo

r
di

ffe
re

nt
ge

og
ra

ph
ic

re
gi

on
s.

P
an

el
D

sh
ow

s
th

e
re

su
lt

s
fo

r
th

e
th

e
pe

ri
od

af
te

r
th

e
P
ar

is
A

gr
ee

m
en

t
(J

an
ua

ry
20

16
to

D
ec

em
be

r
20

20
),

us
in

g
un

ad
ju

st
ed

,c
ou

nt
ry

-
an

d/
or

in
du

st
ry

-a
dj

us
te

d
E

SG
ra

ti
ng

s.
P
an

el
F

sh
ow

s
th

e
re

su
lt

s
fo

r
th

e
E

su
br

at
in

g
se

pa
ra

te
ly

fo
r

th
e

U
.S

.a
nd

th
e

re
st

of
th

e
w

or
ld

ex
cl

ud
in

g
U

.S
.(

R
oW

)
co

nt
ro

lli
ng

ei
th

er
fo

r
th

e
fu

ll
se

t
of

co
nt

ro
ls

or
fo

r
th

e
fir

m
ch

ar
ac

te
ri

st
ic

s
th

at
co

rr
es

po
nd

to
th

e
fa

ct
or

s
of

th
e

Fa
m

a
an

d
Fr

en
ch

(2
01

5)
fiv

e-
fa

ct
or

m
od

el
pl

us
m

om
en

tu
m

(F
F
6)

.
P
an

el
F

re
po

rt
s

th
e

re
su

lt
s

fo
r

E
SG

m
om

en
tu

m
,

de
fin

ed
as

th
e

m
os

t
re

ce
nt

ch
an

ge
in

E
SG

ra
ti

ng
s

du
ri

ng
th

e
pr

ev
io

us
12

m
on

th
s,

us
in

g
un

ad
ju

st
ed

,c
ou

nt
ry

-
an

d/
or

in
du

st
ry

-a
dj

us
te

d
E

SG
ra

ti
ng

s.
T

he
sa

m
pl

e
pe

ri
od

is
fr

om
Ja

nu
ar

y
20

01
to

D
ec

em
be

r
20

20
,b

ut
th

e
st

ar
ti

ng
da

te
s

va
ry

ac
ro

ss
ra

te
rs

an
d

re
gi

on
s.

19



F
ig

u
re

2
-

co
nt

in
u
ed

20



T
ab

le
1.

B
as

el
in

e
re

su
lt

s
on

th
e

re
la

ti
on

b
et

w
ee

n
E
S
G

ra
ti

n
gs

an
d

st
oc

k
re

tu
rn

s

T
hi

s
ta

bl
e

re
po

rt
s

th
e

re
su

lt
s

of
Fa

m
a-

M
ac

be
th

re
gr

es
si

on
s

of
m

on
th

ly
st

oc
k

re
tu

rn
s

on
la

gg
ed

E
SG

ra
ti

ng
s

us
in

g
th

e
gl

ob
al

sa
m

pl
e

of
st

oc
ks

.
E

ac
h

co
lu

m
n

(1
)

th
ro

ug
h

(1
0)

sh
ow

s
th

e
re

su
lt

s
fo

r
a

di
ffe

re
nt

E
SG

ra
ti

ng
:

F
T

SE
,I

SS
,M

SC
I
IV

A
,R

efi
ni

ti
v,

R
ep

R
is

k
(R

R
I)

,R
ep

R
is

k
(R

R
R

),
S&

P
G

lo
ba

l,
Su

st
ai

na
ly

ti
cs

,
C

om
po

si
te

3+
,
an

d
C

om
po

si
te

6.
V

ar
ia

bl
e

de
sc

ri
pt

io
ns

ar
e

in
th

e
In

te
rn

et
A

pp
en

di
x.

T
he

sa
m

pl
e

pe
ri

od
is

fr
om

Ja
n.

20
01

to
D

ec
.

20
20

,b
ut

th
e

st
ar

ti
ng

da
te

s
va

ry
ac

ro
ss

ra
ti

ng
s

as
in

di
ca

te
d

in
bo

tt
om

ro
w

of
th

e
ta

bl
e.

t-
st

at
is

ti
cs

ba
se

d
on

N
ew

ey
an

d
W

es
t

(1
98

7)
st

an
da

rd
er

ro
rs

w
it

h
au

to
m

at
ic

la
g

se
le

ct
io

n
ar

e
in

pa
re

nt
he

se
s.

**
*,

**
an

d
*

de
no

te
st

at
is

ti
ca

ls
ig

ni
fic

an
ce

at
,r

es
pe

ct
iv

el
y,

th
e

1%
,5

%
an

d
10

%
le

ve
ls

.

F
T

SE
IS

S
M

SC
I

R
ef

.
R

R
I

R
R

R
S&

P
Su

st
ai

n.
C

om
p.

3+
C

om
p.

6
(1

)
(2

)
(3

)
(4

)
(5

)
(6

)
(7

)
(8

)
(9

)
(1

0)

E
SG

0.
00

1
0.

00
7*

0.
00

1
0.

00
1

-0
.0

01
-0

.0
06

0.
00

2
-0

.0
03

0.
00

0
0.

00
3

(0
.2

49
)

(1
.9

30
)

(0
.5

15
)

(0
.5

97
)

(-
0.

36
3)

(-
0.

92
9)

(0
.7

28
)

(-
0.

55
5)

(0
.0

29
)

(1
.0

85
)

B
et

a
0.

12
4

0.
27

4
-0

.1
16

0.
05

5
0.

02
1

0.
04

9
0.

04
9

0.
08

1
0.

19
0

0.
19

7
(0

.6
52

)
(1

.5
78

)
(-

0.
89

1)
(0

.4
59

)
(0

.1
76

)
(0

.4
40

)
(0

.4
28

)
(0

.4
98

)
(1

.0
88

)
(0

.8
63

)
Si

ze
-0

.0
28

0.
00

4
-0

.0
88

**
-0

.1
13

**
-0

.1
50

**
*

-0
.1

58
**

*
-0

.0
39

-0
.0

15
0.

02
8

-0
.0

54
(-

0.
39

5)
(0

.0
88

)
(-

2.
28

4)
(-

2.
33

8)
(-

3.
49

8)
(-

3.
54

4)
(-

0.
90

9)
(-

0.
33

6)
(0

.4
38

)
(-

0.
75

5)
B

/M
-0

.0
90

*
-0

.0
29

0.
05

0
0.

02
4

-0
.0

36
-0

.0
28

-0
.0

03
-0

.0
14

-0
.0

59
-0

.1
01

**
(-

1.
70

8)
(-

0.
54

5)
(0

.9
21

)
(0

.5
41

)
(-

0.
59

6)
(-

0.
49

9)
(-

0.
07

7)
(-

0.
28

8)
(-

1.
20

5)
(-

2.
30

4)
In

ve
st

m
en

t
-0

.0
42

-0
.1

98
-0

.1
23

-0
.0

81
-0

.2
05

**
-0

.1
95

**
-0

.1
08

-0
.0

57
0.

02
1

-0
.0

03
(-

0.
40

6)
(-

1.
33

1)
(-

1.
49

7)
(-

0.
94

4)
(-

2.
43

2)
(-

2.
39

5)
(-

1.
05

8)
(-

0.
58

6)
(0

.2
03

)
(-

0.
02

6)
P

ro
fit

ab
ili

ty
0.

23
0

0.
50

8*
0.

38
9*

**
0.

50
4*

**
0.

34
3

0.
35

2
0.

43
6*

*
0.

60
5*

**
0.

39
6

0.
17

4
(0

.8
58

)
(1

.8
95

)
(2

.6
28

)
(2

.7
98

)
(1

.3
71

)
(1

.5
07

)
(2

.3
96

)
(2

.7
93

)
(1

.4
67

)
(0

.6
41

)
M

om
en

tu
m

0.
00

4
0.

00
7*

*
0.

00
1

0.
00

2
0.

00
1

0.
00

1
0.

00
3

0.
00

7*
*

0.
00

5
0.

00
4

(0
.8

93
)

(2
.1

63
)

(0
.1

30
)

(0
.5

41
)

(0
.1

86
)

(0
.1

51
)

(0
.7

53
)

(2
.2

95
)

(1
.2

49
)

(0
.7

88
)

V
ol

at
ili

ty
0.

00
6

-0
.0

04
-0

.0
00

-0
.0

01
-0

.0
04

-0
.0

05
-0

.0
05

-0
.0

06
-0

.0
03

0.
01

0
(0

.5
93

)
(-

0.
46

4)
(-

0.
08

4)
(-

0.
24

3)
(-

0.
77

6)
(-

1.
11

6)
(-

0.
74

0)
(-

0.
77

5)
(-

0.
38

1)
(0

.8
61

)
Le

ve
ra

ge
-0

.4
38

-0
.0

85
-0

.1
42

-0
.0

96
-0

.3
51

-0
.3

68
-0

.0
86

0.
02

7
-0

.2
36

-0
.4

65
**

(-
1.

57
5)

(-
0.

32
6)

(-
0.

61
2)

(-
0.

37
1)

(-
1.

29
3)

(-
1.

38
2)

(-
0.

34
3)

(0
.0

97
)

(-
0.

85
9)

(-
2.

02
7)

T
an

gi
bi

lit
y

-0
.1

12
-0

.5
56

*
-0

.0
95

-0
.0

11
0.

05
9

0.
00

3
0.

05
1

-0
.4

19
-0

.2
48

-0
.0

57
(-

0.
37

6)
(-

1.
71

2)
(-

0.
39

4)
(-

0.
04

4)
(0

.2
15

)
(0

.0
11

)
(0

.2
04

)
(-

1.
36

8)
(-

0.
72

4)
(-

0.
17

9)
R

&
D

5.
96

0*
**

4.
13

8*
**

2.
73

0*
*

2.
04

9*
3.

65
2*

**
3.

94
7*

**
3.

16
7*

*
3.

79
5*

**
5.

27
0*

**
5.

72
7*

*
(2

.9
07

)
(2

.8
29

)
(2

.4
51

)
(1

.9
23

)
(2

.9
01

)
(3

.4
70

)
(2

.4
41

)
(2

.8
07

)
(3

.3
08

)
(2

.3
24

)

R
2

0.
08

1
0.

06
3

0.
09

2
0.

08
5

0.
04

8
0.

05
6

0.
08

6
0.

08
2

0.
07

1
0.

09
3

N
o.

ob
s.

18
8,

50
9

26
1,

49
0

66
8,

88
0

50
7,

19
5

1,
20

8,
16

0
1,

20
8,

16
0

39
5,

68
8

38
0,

49
7

28
2,

12
4

11
6,

40
4

St
ar

t
da

te
20

15
-J

an
20

13
-A

pr
20

01
-J

an
20

03
-J

ul
20

07
-F

eb
20

07
-F

eb
20

03
-J

ul
20

09
-S

ep
20

14
-J

an
20

15
-J

an

21



Table 2. Is the ESG-return relation stronger when there is less ESG uncertainty?

This table reports the results of Fama-Macbeth regressions of monthly stock returns on lagged ESG ratings,
a dummy variable indicating Low ESG uncertainty, and the interaction of lagged ESG ratings with the Low
ESG uncertainty dummy. In this table the ESG variable is defined as the average ESG rating across all six
ESG raters used throughout the paper other than RepRisk. ESG ratings are converted to percentile ranks
in each month before averaging. ESG uncertainty is the standard deviation of these percentile ranks across
these six raters. Low ESG Uncertainty is a dummy variable equal to one if a stock is among the 20% of
stocks with lowest ESG uncertainty in a given month. ESG and Low ESG uncertainty are missing if fewer
than two raters rate a stock in a given month. Panels A, B, and C show the results for the following three
sample periods: 2003-2013, 2014-2020, and 2003-2020, respectively. Columns (1) through (7) in each panel
show results by region (Asia-Pacific, Emerging Countries, Europe, Japan, North America), pooled across
regions (Global), as well as U.S. The exact starting date for each region is chosen so that there are at least
120 stocks per region as of the starting date. All regressions include the full set of control variables listed
in Table 1, but coefficients are suppressed for space considerations. Variable descriptions are in the Internet
Appendix. t-statistics based on Newey and West (1987) standard errors with automatic lag selection are in
parentheses. ***, ** and * denote statistical significance at, respectively, the 1%, 5% and 10% levels.

Panel A: ESG Uncertainty, 2003-2013

Asia-Pacific Emerging Europe Japan North Global U.S.
Countries America

Low ESG -0.502 0.081 -0.097 0.181 0.247 0.102 0.260
uncertainty (-1.312) (0.266) (-0.488) (0.614) (1.512) (0.929) (1.627)

ESG -0.007 -0.006 0.002 -0.004 0.003 0.002 0.005*
(-1.099) (-0.977) (0.939) (-1.004) (1.501) (1.068) (1.770)

Interaction 0.015* 0.001 -0.001 -0.003 -0.006** -0.002 -0.007**
(1.835) (0.227) (-0.270) (-0.565) (-2.052) (-0.902) (-2.146)

Controls Yes Yes Yes Yes Yes Yes Yes

R2 0.196 0.138 0.131 0.191 0.141 0.098 0.145

No. obs. 15,216 13,186 53,859 26,147 81,240 197,789 70,993
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Table 2 - continued

Panel B: ESG Uncertainty, 2014-2020

Asia-Pacific Emerging Europe Japan North Global U.S.
Countries America

Low ESG 0.001 0.050 -0.160 -0.308** 0.223 0.053 0.289
uncertainty (0.004) (0.318) (-0.595) (-2.000) (1.300) (0.577) (1.633)

ESG -0.003 0.001 0.001 -0.004 0.009*** 0.001 0.009***
(-0.434) (0.288) (0.383) (-0.945) (2.907) (0.239) (2.922)

Interaction -0.006 0.003 0.004 0.007** -0.002 0.000 -0.004
(-1.073) (0.980) (1.329) (2.313) (-0.877) (0.200) (-1.333)

Controls Yes Yes Yes Yes Yes Yes Yes

R2 0.117 0.083 0.079 0.129 0.119 0.066 0.116

No. obs. 33,593 70,085 80,584 40,333 143,437 368,032 127,488

Panel C: ESG Uncertainty, 2003-2020

Asia-Pacific Emerging Europe Japan North Global U.S.
Countries America

Low ESG -0.220 0.058 -0.123 -0.040 0.237** 0.083 0.272**
uncertainty (-1.012) (0.413) (-0.787) (-0.232) (1.984) (1.133) (2.300)

ESG -0.005 -0.000 0.002 -0.004 0.006*** 0.001 0.006***
(-1.025) (-0.117) (0.972) (-1.353) (3.060) (0.905) (3.216)

Interaction 0.003 0.002 0.001 0.002 -0.005** -0.001 -0.006**
(0.592) (0.952) (0.533) (0.526) (-2.151) (-0.747) (-2.510)

Controls Yes Yes Yes Yes Yes Yes Yes

R2 0.152 0.098 0.110 0.163 0.132 0.085 0.133

No. obs. 48,809 83,271 134,443 66,480 224,677 565,821 198,481
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Internet Appendix to
“Drawing Up the Bill: Is ESG Related to

Stock Returns Around the World?”

A Data Appendix

In this appendix, we detail how we construct and clean the global stock returns dataset. We base

our filters on both Bessembinder et al. (2019) and Chaieb et al. (2021). To our knowledge, these

papers use the most thorough sets of filters in the literature.

A.1 Stock return data

We collect data for U.S. and Canadian stocks from CRSP and Compustat North America, respec-

tively. Data for the remaining stocks are sourced from Compustat Global. We acknowledge that

many papers use Datastream as a source of data for international stock returns. We use Compustat

Global instead. Our main motivation is that Chaieb et al. (2021) conduct an in-depth comparison

of both databases and conclude that Compustat Global has considerably fewer errors than Datas-

tream. Compustat Global also differs from Datastream in that it distinguishes between types of

daily quotes (e.g., the difference between a closing price and a price that is carried forward).

For U.S. stocks, we use the provided monthly level returns (CRSP field RET ), the absolute value

of end-of-month closing prices (CRSP field ALTPRC ), the number of shares outstanding (CRSP

field SHROUT ), the stock split adjustment factor for shares outstanding (CRSP field CFACSHR),

and the stock split adjustment factor for prices (CRSP field CFAPCR). We follow Bali, Engle, and

Murray (2016) in the use of ALTPRC instead of PRC. For the exact formulas used to compute all

variables used in the paper please refer to Appendix Table IA.1.

For non-U.S. stocks, we follow Bessembinder et al. (2019) and compute stock returns and market

capitalization from Compustat Global daily data on closing prices (Compustat field PRCCD), num-

ber of shares outstanding (Compustat field CSHOC ), currency code (Compustat field CURCDD),

price quotation unit (Compustat field QUNIT ), daily total return factor (Compustat field TRFD),

and adjustment factor (issue)-cumulative by ex-date (Compustat field AJEXDI ). These data are

1



available in the Global Security Daily library (Compustat file GSECD). We compute monthly stock

returns using the last day of each month with a positive closing price. Furthermore, we impose that

days must have a price code status (Compustat field PRCSTD) equal to 3 (high, low, and close

prices) or 10 (prices as reported). All currency-denominated variables are converted to U.S. dollars

by using Compustat daily exchange rates (Compustat file EXRT_DLY ).

For Canadian stock market data sourced from Compustat North America, we follow the same

approach used for Compustat Global data but complement daily data from the Security Daily

library (Compustat file SECD) with monthly data from the Security Monthly library (Compustat

file SECM ). We proceed in this manner because there are missing data for some stocks in the

daily data files (Bessembinder et al. 2019). Hence, we use daily data when available, and monthly

data otherwise. To be consistent in the use of adjustment factors, we impose that the time-series

of prices and returns for each security relies only on either daily or monthly data. We also allow

the price code status (Compustat field PRCSTD) to take value 4 (bid, ask, average/last volume

close) in addition to 3 and 10. This takes into account the fact that Compustat North America has

historically presented prices as the average of bid and ask prices.

CRSP firms and stocks are identified via PERMCO and PERMNO, respectively. Compustat

firms and stocks are identified via GVKEY and the combination GVKEY-IID, respectively.

A.2 Sample Selection

We use the following Compustat files to obtain the variables based on which we apply sample

selection filters: R_COUNTRY, R_EX_CODES, SECURITY, and COMPANY. The CRSP files

we use for the same purpose are CCMXPF_LNKUSED and MSENAMES.

We retain a given country and stock exchange in the database if either Bessembinder et al. (2019)

or Chaieb et al. (2021) do so. This ensures that minor stock exchanges with low trading volume are

not included in the analysis. In addition, to ensure a minimum standard of ESG coverage in each

country, we only retain countries for which there is at least one rater covering at least 10 stocks

during the entire sample period. This criterion excludes Jordan and Oman from the sample.

Within each stock exchange, we only retain primary issues of common stock. Primary issues are

identified using the primary issue tags (Compustat fields PRICAN and PRIROW, and CRSP field
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ULINKPRIM ). In case of a tie (e.g., a security is recorded as a primary security in both CRSP and

Compustat over an overlapping listing period), we select the issue with the longest listing period

and, in case of another tie, we select the issue traded in the headquarter country (Compustat field

LOC ).

We select common stocks as follows. For U.S. stocks, this amounts to selecting stocks with the

CRSP sharecode 10, 11, and 12 (CRSP field SHRCD). For Compustat stocks, we retain common

stock by imposing the following filters:

• the issue type (Compustat field TPCI ) must be “0”.

• the issue description (Compustat field DSCI ) is not allowed to contain the symbol “%”. These

securities are likely to be be preferred stocks with fixed dividends.

• the DSCI keyword filters used in Chaieb et al. (2021) to remove non-common stock are applied.

These filters expand on the extensive filters involving hundreds of keywords detailed in Griffin,

Kelly, and Nardari (2010) and help screen out duplicates, depository receipts, preferred stock,

warrants, debt, unit trusts, expired securities, and investment vehicles. In addition, we add

the following keywords:

– applied to Canadian securities (restricted, subordinated voting, non-voting): “RESTRICTD”,

“NVTG”, “SVTG”, “NON-VTG”

– applied to Sri Lankan securities (non-voting shares): “(NON-VTG)”, “NON-VTG” ,“NVTG”,

“(NON-VOTING)”

– applied to Peruvian securities (investment shares similar to preferred shares): “INVT

SHS”

– applied to Australian securities (removes one specific investment fund): “AUSTRALIAN

EQUITIES STRONG B”

– applied to all securities (removes investment trust): “UNTS INVESTMENT”, “UNTS

TRUST”

• we exclude securities whose business description (Compustat field BUSDESC ), company name

(Compustat fields CONM and CONML), or Global Industry Classification Standard (GICS)
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(Compustat fields GSUBIND and GIND) allows us to identify investment funds and trusts.

We convert all text to lowercase letters, substitute “.”, “,”, and “;” for white spaces, delete

leading and trailing white spaces at the beginning and end of sentences in CONM, CONML,

add leading and trailing white spaces at the beginning and end of sentences to BUSDESC,

and remove repeated white spaces. We also remove repeated white spaces whenever these are

created at any step of the filtering process below. We proceed as follows:

1. we flag a security to be a Real Estate Investment Trusts if GSUBIND is “40401010” or

GIND is “404020”.

2. we identify securities to be a fund or trust from the their business description (BUS-

DESC ). As a first step, we avoid false positives by removing occurrences of company

names (CONM and CONML) from BUSDESC.

3. since in some instances “and” is written as “&”, we convert all the “&” to “and” in the

three fields mentioned in the previous step and repeat that step a second time.

4. we add leading and trailing spaces to every keyword listed below as well as to each entry

of CONM and CONML. We create a copy of these variables and name them CONM2

and CONML2. This latter step ensures that first and last words are detected. We then

transform the following keywords in CONM2 and CONML2 into blanks and remove

repeated blanks: “tel aviv”, “ltd”, “inc”, “corp”, “plc ici”, “plc”, “sa”, “limited”, “berhad”,

“ab”, “tbk”, “ag”, “co”, “as”, “bhd”, “spa”, “pcl”, “nv”, “asa”, “corporation”, “pjsc”, “s.a.”,

“se”, “group”, “oyj”, “a/s”, “a.s.”, “(publ)”, “cv”, “holdings”, “s.a”, “(pt)”, “ltd.”, ‘saog”,

“nl”, “kk”, “akcyjna”, “inc.”, “s.p.a.”, “sirketi”, “kgaa”, “pt”, “jsc”, “s.p.a”, “n.v.”, “(the)”,

“bruxelles”, “sas”, “modaraba”, “saa”, “c.v.”, “ojsc”, “co.ltd.”, “madrid”, “lima”, “a s”, “s

a”, “oy”, “london”, “sca”, “holding”, “milano”, “incorporated”, “c v”, “n v”, “b v”, “s a b”,

“s. a. b”, “torino”, “a.s”, “roma”, “berlin”, “muenchen”, “anonyme”, “stockholm”, “wien”,

“n.v”, “zuerich”, “hamburg”, “zug”, “psc”, “sab”, “warszawa”, “augsburg”, “bv”, “lp”, “na”,

“s.a.a”, “sa/nv”, “schaffhausen”, “stuttgart”, “tas”, “gmbh”, “llc”, “incorporation”, “p.s.c.”,

“(bbva)”, “abp”, “coltd”, “corp.”, “helsinki”, “porto”, “santiago”, “vevey”, “enterprises”,

“duesseldorf”, “casablanca”, “groupe”, ‘aktiebolag”, “aktiengesellschaft”, “bern”, “bilbao”,

“bologna”, “cagliari”, “baar”, “essen”, “frankfurt”, “cva”, “hldg”, “hldgs”, “k.k”, “k k”, “ptc”,
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“s.a.a.”, “s/a”, “esp”, “sarl”, “(pakistan)”, “marseille”, “geneve”, ‘s.a.s.”, “c.v”, “(bo)”, “(bs)”,

“(gbr)”, “(new)”, “(re)”, “-old”, “lld”, “ltd)”, “grundbesitz-ag”, “corp)”, “co.ltd”, “s.a.o.g.”,

“saog”, “p.l.c”, “grp”, “lt”, “ind”.

5. We remove occurrences of company names (CONM2 and CONML2 ) from BUSDESC.

Note that we add a leading and trailing space to each of these words and remove all

repeated white spaces before applying this filter.

6. we transform “-” in CONM2 and CONML2 into white spaces and remove repeated white

spaces and apply the previous filter again.

7. we remove “(” and “)” from CONM, CONML, and BUSDESC, and flag securities as funds

or trusts if either CONML or CONM contains at least one of the following keywords: “

fund”, “ trust”, “venture capital trust”, “ vct”, or “ reit”.

8. we remove the following expressions from BUSDESC : “ fund advisors”,“ fund managers”,“

fund benchmarks”,“ fund raisings”,“ fund administrations”,“ fund transfers”,“ fund ser-

vices”,“ fund products”,“ fund sponsors”,“ fund plan sponsors”,“ fund corps”,“ fund com-

panies”,“ fund groups”,“ trust advisors”,“ trust banks”,“ trust managers”,“ trust sponsors”,“

reit managers”,“ fund advisor”,“ fund manager”,“ fund benchmark”,“ fund raising”,“ fund

administration”,“ fund transfer”,“ fund service”,“ fund product”,“ fund sponsor”,“ fund

plan sponsor”,“ fund corp”,“ fund company”,“ fund group”,“ trust advisor”,“ trust bank”,“

trust manager”,“ trust sponsor”,“ reit manager”,“ feeder”,“ multi-asset”,“ multi asset”,“

balanced”,“ fixed income”,“ self-managed”,“ public”,“ publicly owned”,“ publicly-owned”,“

closed ended”,“ closed end”,“ closed-ended”,“ closed-end”,“ close ended”,“ close end”,“ close-

ended”,“ close-end”,“ opened ended”,“ opened end”,“ opened-ended”,“ opened-end”,“ open

ended”,“ open end”,“ open-ended”,“ open-end”.

9. we define str1 = “ is a ”,“ was a ”,“ as a ”,“ is an ”,“ was an ”,“ as an ”,“ specializes

in ”,“ operates as a ”,“ operates as an ” and str2 = “property trust ”,“property invest-

ment trust ”,“property fund ”,“property investment fund ”,“private equity trust ”,“private

equity investment trust ”,“private equity fund ”,“private equity investment fund ”,“ven-

ture capital trust ”,“venture capital investment trust ”,“venture capital fund ”,“venture

capital investment fund ”,“real estate trust ”,“real estate investment trust ”,“real estate
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fund ”,“real estate investment fund ”,“interval fund ”,“investment trust ”,“etf ”,“reit ”,“vct

”,“unit trust ”,“unit investment trust ”,“split capital fund”,“split investment fund”,“split

capital trust ”,“split capital investment trust ”,“exchange traded fund ”,“exchange-traded

fund ”,“exchange-traded-fund ”,“exchange traded-fund ”,“currency fund ”,“fund ”,“mutual

fund ”,“equity fund ”,“equity investment fund ”,“equity mutual fund ”,“hedge fund ”,“equity

hedge fund ”,“traded fund ”. We flag securities as investment funds or trusts if BUSDESC

contains any of the pattern sequences {str1,str2}.

10. we flag securities if BUSDESC contains any of the following: “ fund invests”,“ fund prefers

to invest”,“ fund engages”,“ fund operates”,“ fund employs”,“ fund was formerly known”,“

fund replicates”,“ fund seeks to invest”,“ trust invests”,“ trust prefers to invest”,“ trust en-

gages”,“ trust operates”,“ trust employs”,“ trust was formerly known”,“ trust replicates”,“

trust seeks to invest’.

11. we flag securities if BUSDESC contains any of the following in the first 101 characters

“ reit”,“ an investment trust”,“ real estate investment trust”) and does not contain any

of the following prior to the latter string: “ by reit”,“ by an investment trust”,“ by real

estate investment trust”,“ for reit”,“ for an investment trust”,“ for real estate investment

trust”,“ of reit”,“ of an investment trust”,“ of real estate investment trust”,“ to reit”,“

to an investment trust”,“ to real estate investment trust”,“ through reit”,“ through an

investment trust”,“ through real estate investment trust”.

12. we remove all securities flagged as investment trusts or funds except for banks. Banks are

identified if either (i) if CONM and CONML contains the word “bank” at the beginning

or end, or (ii) if CONM or CONML contains “trust & banking”, “trust and banking”,

or “securities co”, or (iii) GGROUP equals “4010” and the security was flagged as an

investment trust or fund in step (6).

A.3 Data Cleaning

We apply the the manual corrections listed in Chaieb et al. (2021) whenever they are applicable to

our dataset. We employ the following corrections listed verbatim in Chaieb et al. (2021):

1. “The number of shares outstanding (CSHOC ) is off by a factor 100 for the last two days of
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June 2004. We then correct the number of shares.” Filter applied to GVKEY-IID 149822-01C.

2. “The adjustment factor AJEXDI does not adjust for the 0.0513-to-1 stock split on May 20th,

2015. We remove the stock for this month.” Filter applied to GVKEY-IID 208536-01W.

3. “There are errors caused by the change of currency to the Euro for these three European

stocks. We remove them for January 1999.” Filter applied to GVKEY-IID 103255-01W,

210759-01W, 240641-01W.

4. “In January 2005, there is an error in the adjustment factor (AJEXDI ) when the currency

changed. Other stocks’ prices (PRCCD) and AJEXDI adjust. This stock PRCCD adjusts,

but not its AJEXDI. We remove it for this month.” Filter applied to GVKEY-IID 284439-

01W.

5. “This Chilean stock has erratic and infrequent quotes before January 2004. There are price

spikes on days with unavailable volumes, but classified as “prices as reported” (PRCSTD=10).

There are no quotes on these days on Bloomberg. We remove infrequent returns before January

2004.” Filter applied to GVKEY-IID 202022-01W.

6. “This Canadian stock is delisted on January 1st 2017, there is a spike in the price on December

30th, 2016, and the time series ends on December 2nd, 2016, on Bloomberg. We remove it for

December 2016. CSXF is also missing the total return adjustment for the 100-to-1 conversion

on November 1st, 2013, which creates a 100+% return. We remove it for November 2013.”

Filter applied to GVKEY-IID 185208-01C.

In addition, we correct decimal errors in the data sourced from Compustat. An example of a

decimal error is the sequence of stock prices “9.12”, “912.0”, “9.08”. The decimal error is that “912.0”

is off by a factor of 100. As in Bessembinder et al. (2019), we repair such decimal errors that persist

up to three consecutive periods.

The algorithm to correct decimal errors is described below. We first apply the algorithm to the

time series of QUNIT and TRFD. We then compute stock-split adjusted prices (in U.S. dollars)

as PRCDadj = PRCCD × FX × QUNIT−1 × AJEXDI−1. FX is the exchange rate. We also

compute prices not-adjusted for stock splits using the same formula but omittingAJEXDI. We do the
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same for local prices by using the same formulas but omitting FX. We then apply the algorithm

again on these time series of prices. Dividends-adjusted prices are then computed as Price =

PRCDadj × TRFD. Market capitalization is computed as MKTCAP = PRCDadj ×CSHOCadj ,

where we define CSHOCadj = CSHOC ×AJEXDI. Monthly stock returns, RET , are computed

as ratios of consecutive end-of-month prices. The algorithm consists of the following steps:

• define the mapping m(X(t);∆1,∆2) : X(t) → X(t+∆1)
X(t+∆2)

. where X(t) denotes the value of

a given time-series in month-year t and ∆1 and ∆2 are parameters taking an integer value

between -3 and 3.

• define N to be the largest positive integer such that 5 × 10N−1 < min(m(X(t); 0,−1),

m(X(t); 0, 1)). If m(X(t); 0,−1) > 5 × 10N−1 and m(X(t); 0, 1) > 5 × 10N−1 we substi-

tute X(t) × 10−N for X(t). Intuitively, this step corrects decimal errors that last for one

period only by dividing X(t) by 10 if both m(X(t); 0,−1) and m(X(t); 0, 1) lie in the interval

[5,50), by 100 if both m(X(t); 0,−1) and m(X(t); 0, 1) lie in the interval [50,500), and so on.

• define N to be the largest positive integer such that 1
5×10N−1 > max(m(X(t); 0,−1),m(X(t); 0, 1)).

If m(X(t); 0,−1) < 1
5×10N−1 and m(X(t); 0, 1) < 1

5×10N−1 we substitute X(t)× 10N for X(t).

Intuitively, this step corrects decimal errors that last for one period only by multiplying X(t)

by 10 if both m(X(t); 0,−1) and m(X(t); 0, 1) lie in the interval [1/5,1/50), by 100 if both

m(X(t); 0,−1) and m(X(t); 0, 1) lie in the interval [1/50,1/500), and so on.

• define N1 to be the largest positive integer such that 5 × 10N1−1 < min(m(X(t); 0,−1),

m(X(t); 0, 2)). If m(X(t); 0,−1) > 5×10N1−1, m(X(t); 0, 2) > 5×10N1−1, and |m(X(t); 0, 1)−

1| < 30%, then we flag X(t) as a potential first observation with decimal errors in a sequence

of two observations with decimal errors.

• define N2 to be the largest positive integer such that 5 × 10N2−1 < min(m(X(t + 1); 0,−2),

m(X(t + 1); 0, 1)). If m(X(t + 1); 0, 1) > 5 × 10N2−1 and m(X(t + 1); 0,−2) > 5 × 10N2−1

then we flag X(t + 1) as a potential second observation with decimal errors in a sequence of

two observations with decimal errors.

• if both observations X(t) and X(t+1) are flagged, we divide them by 10N1 and 10N2 , respec-

tively.
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• define N1 to be the largest positive integer such that 1
5×10N1−1 > max(m(X(t); 0,−1),m(X(t); 0, 2)).

If m(X(t); 0,−1) < 1
5×10N1−1 , m(X(t); 0, 2) < 1

5×10N1−1 , and |m(X(t); 0, 1) − 1| < 30%, then

we flag X(t) as a potential first observation with decimal errors in a sequence of two observa-

tions with decimal errors.

• define N2 to be the largest positive integer such that 1
5×10N1−1 > max(m(X(t + 1); 0, 1),

m(X(t+ 1); 0,−2)). If m(X(t+ 1); 0, 1) < 1
5×10N2−1 and m(X(t+ 1); 0,−2) < 1

5×10N2−1 then

we flag X(t + 1) as a potential second observation with decimal errors in a sequence of two

observations with decimal errors.

• if both observations X(t) and X(t + 1) are flagged, we multiply them by 10N1 and 10N2 ,

respectively.

• define N1 to be the largest positive integer such that 5 × 10N1−1 < min(m(X(t); 0,−1),

m(X(t); 0, 3)). If m(X(t); 0,−1) > 5×10N1−1, m(X(t); 0, 3) > 5×10N1−1, |m(X(t); 0, 1)−1| <

30%, and |m(X(t); 0, 2) − 1| < 30%, then we flag X(t) as a potential first observation with

decimal errors in a sequence of two observations with decimal errors.

• define N2 to be the largest positive integer such that 5 × 10N2−1 < min(m(X(t + 1); 0,−2),

m(X(t + 1); 0, 2)). If m(X(t + 1); 0, 2) > 5 × 10N2−1, m(X(t + 1); 0,−2) > 5 × 10N2−1, and

|m(X(t + 1); 0, 1) − 1| < 30% then we flag X(t + 1) as a potential second observation with

decimal errors in a sequence of two observations with decimal errors.

• define N3 to be the largest positive integer such that 5 × 10N3−1 < min(m(X(t + 2); 0,−3),

m(X(t + 2); 0, 1)). If m(X(t + 2); 0, 1) > 5 × 10N3−1 and m(X(t + 2); 0,−3) > 5 × 10N3−1,

then we flag X(t+2) as a potential third observation with decimal errors in a sequence of two

observations with decimal errors.

• if observations X(t), X(t+ 1), and X(t+ 2) are flagged, we divide them by 10N1 , 10N2 , and

10N3 , respectively.

• define N1 to be the largest positive integer such that 1
5×10N1−1 > max(m(X(t); 0,−1),m(X(t); 0, 3)).

If m(X(t); 0,−1) < 1
5×10N1−1 , m(X(t); 0, 3) < 1

5×10N1−1 , |m(X(t); 0, 1) − 1| < 30%, and
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|m(X(t); 0, 2) − 1| < 30%, then we flag X(t) as a potential first observation with decimal

errors in a sequence of two observations with decimal errors.

• define N2 to be the largest positive integer such that 1
5×10N2−1 > max(m(X(t + 1); 0,−2),

m(X(t + 1); 0, 2)). If m(X(t + 1); 0, 2) < 1
5×10N2−1 , m(X(t + 1); 0,−2) < 1

5×10N2−1 , and

|m(X(t + 1); 0, 1) − 1| < 30% then we flag X(t + 1) as a potential second observation with

decimal errors in a sequence of two observations with decimal errors.

• define N3 to be the largest positive integer such that 1
5×10N3−1 > max(m(X(t + 2); 0,−3),

m(X(t + 2); 0, 1)). If m(X(t + 2); 0, 1) < 1
5×10N3−1 and m(X(t + 2); 0,−3) < 1

5×10N3−1 , then

we flag X(t + 2) as a potential third observation with decimal errors in a sequence of two

observations with decimal errors.

• if observations X(t), X(t+1), and X(t+2) are flagged, we multiply them by 10N1 , 10N2 , and

10N3 , respectively.

After correcting decimal errors, we apply a series of filters to remove remaining errors in Compu-

stat which are relatively more frequent in small and illiquid stocks, stocks with low share prices, and

during the first months after a stock starts being covered in the database. We proceed as follows:

• we compute the average number of daily observations with positive trading volume for each

stock-month. We average this number across months for each stock. We exclude stocks in the

lowest 3% of the distribution of the latter metric.

• we drop stocks for which the adjustment factor AJEXDI ever takes value of 0.

• we drop stocks if they experience (i) changes in quotation units (QUNIT ), (ii) without con-

temporaneous changes in currency code (CURCCD), and (iii) contemporaneous changes in

PRCDadj larger than 50% in absolute value.

• we delete the remaining time-series for any stock if its non-adjusted (for stock splits and

dividends) share price drops below $U.S. 0.01.

• we delete the remaining time-series for any stock if its market capitalization drops below $U.S.

1 million.
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• if the return data contains gaps for more than 11 months, we set the first month after the

data resumes to missing.

• for all stocks other than those listed in China, we define an observation as a jump if one of

the following conditions is met:

1. CSHOCadj(t)
CSHOCadj(t−1) ≥ 5 and MKTCAP (t)

MKTCAP (t−1) ≥ 2.5

2. CSHOCadj(t)
CSHOCadj(t−1) ≤ 0.2 and MKTCAP (t)

MKTCAP (t−1) ≤ 0.4

• for Chinese stocks, we define an observation as a jump if one of the following conditions is

met:

1. CSHOCadj(t)
CSHOCadj(t−1) ≥ 50 and MKTCAP (t)

MKTCAP (t−1) ≥ 25

2. CSHOCadj(t)
CSHOCadj(t−1) ≤ 0.2 and MKTCAP (t)

MKTCAP (t−1) ≤ 0.4

• we delete the observation in which the jump occurs and all the observations thereafter if the

jump occurs during the lesser of the first 24 months of data for the stock or during the first

20% of the observations for that stock (whichever is smaller). For jumps which do not match

these criteria, we proceed as follows:

1. if the jump at time t is reversed by another jump at time s: we replace CSHOCadj by

min(CSHOCadj(t− 1), CSHOCadj(s)) for observations in interval [t, s− 1].

2. if the jump is not reversed, we adjust CSHOCadj to be smaller for observations before

or after the jump. For upward jumps occurring at time t, we multiply CSHOCadj(t) and

all observations thereafter by CSHOCadj(t−1)
CSHOCadj(t)

. For downward jumps occurring at time t,

we multiply all observations up to and including CSHOCadj(t) by CSHOCadj(t)
CSHOCadj(t−1) .

• we identify cases in which market capitalization jumps in a manner inconsistent with the

behavior of the time-series of returns and shares outstanding. We define an observation as a

jump if one of the following conditions holds:

1. MKTCAP (t)
MKTCAP (t−1)−1 > 9 and RET < 2

2. MKTCAP (t)
MKTCAP (t−1)−1 < −0.9 and RET > −0.5
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• we delete the observation in which the jump occurs and all the observations thereafter if the

jump occurs during the lesser of the first 24 months of data for the stock or during the first

20% of the observations for that stock (whichever is smaller). For jumps which do not match

these criteria, we proceed as follows:

1. if the jump at time t is reversed by another jump at time s: we adjust market capitaliza-

tion by replacing MKTCAP by min(MKTCAP (t− 1)× (1+RETX(t)), MKTCAP (s)
(1+RETX(s)))

for observations in interval [t, s− 1]. RETX is computed as RET using the time-series

of prices PRCDadj .

2. if the jump is not reversed, we adjust MKTCAP to be smaller for observations before

or after the jump. For upward jumps occurring at time t, MKTCAP (t) and all observa-

tions thereafter are multiplied by MKTCAP (t−1)
MKTCAP (t) × (1+RETX(t)). For downward jumps

occurring at time t, all observations up to and including MKTCAP (t) are multiplied by
MKTCAP (t)

MKTCAP (t−1)×(1+RETX(t)) .

• we delete observations for which the changes in returns are inconsistent with the changes in

market capitalization. These observations are those that satisfy one of these conditions:

1. MKTCAP (t)
MKTCAP (t−1) − 1 < 0.5 and RET (t) > 0.8

2. MKTCAP (t)
MKTCAP (t−1) − 1 > −0.5 and RET (t) < −0.8

• we delete stock-months that are amongst the first three months for that stock provided they

satisfy one of the following conditions:

1. PRCDadj(t)
PRCDadj(t−1) > 10 and MKTCAP (t)

MKTCAP (t−1) > 10

2. PRCDadj(t)
PRCDadj(t−1) < 10−1 and MKTCAP (t)

MKTCAP (t−1) < 10−1

• we exclude stock-months with fewer than five daily observations of positive closing prices

in that month or the month before. We do not apply this filter to delisting months. The

identification of delisting months is explained below.

• we delete stocks for which there are fewer than six months of stock return data available.
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A.4 Industry Filters

We exclude observations in both CRSP and Compustat with NAICS (North American Indus-

try Classification System) industry code of 525 corresponding to “Funds, Trusts, and Other

Financial Vehicles”.

A.5 Delisting returns

The delisting returns for CRSP stocks are adjusted following Beaver, McNichols, and Price

(2007). This adjustment is similar to the adjustment of Shumway (1997), who suggests as-

suming a delisting return of -30% when the delisting return is missing in the database and the

delisting reason is poor performance. The reason for this choice is the mean delisting return

estimated in their sample is -30%. It is also common to assume a delisting return of -100%

when the delisting return is missing and the delisting reason is not performance related (Bali

et al. 2016). Beaver et al. (2007), however, find that average delisting return varies substan-

tially depending on the delisting reason. Hence, instead of assuming a single delisting return,

we follow Beaver et al. (2007) and estimate mean replacement values by type of delisting.

Following Bessembinder et al. (2019), delisting return for Compustat stocks is set to -30% if

one of the following conditions holds:

1. the delisting reason is bankruptcy or liquidation (Compustat field DLRSN = 02 or

DLRSN = 03).

2. the stock-month has active security status (Compustat field SECSTAT ) but the stock

does not experience any changes in prices during at least 12 months before the end of the

sample. We consider the stock to be inactive during these months in which the price does

not change and delete them. The last remaining month for these stocks is considered a

delisting month. Note that, in this last step, we use the price in local currency because

the price in foreign currency changes mechanically due to exchange rate fluctuations.

13



Figure IA.1. Sample coverage by region and country, January 2001 - December 2020

The pie chart on top shows the number and percentage of unique stocks in our sample that are publicly
traded in each geographic region between January 2001 and December 2020. The bottom pie chart shows the
number and percentage of sample stocks that are publicly traded in each country during the same period.
To ensure readability, only the ten countries with the greatest number of stocks are shown. The category
Other Countries refers to the remaining 38 countries in the sample.
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Table IA.1. Variable definitions and data sources

This table provides the definitions and data sources of the variables used throughout the paper.

ESG Variables

ESG ratings ESG ratings and E, S and G subratings are sourced from FTSE, ISS, MSCI IVA,
Refinitiv, RepRisk, S&P Global, and Sustainalytics. In the case of RepRisk, we
use the two different ratings provided by the rater, RRR (RepRisk rating) and
RRI (RepRisk index). The RRR adjusts the RRI by taking into account firms’
risk exposures in the countries and sectors where ESG incidents take place. Since
the RRR is available in letter format, we convert it to a numerical format on
a scale between 0 and 100 via linear interpolation, such that AAA corresponds
to 100 and D corresponds to 0. We transform the RRI ratings provided by
RepRisk by converting them to negative values and adding 100, so that higher
ratings capture lower reputational risk exposure to ESG issues. In the case
of ISS, the rater provides a joint S and G rating (SOGGOV ) in lieu of a S
subrating before March 2017. We treat SOCGOV scores as S subratings before
that date. Some raters provide overall ESG ratings with and without industry
adjustments. In these cases we use the ratings without industry adjustments,
as recommended by Pástor et al. (2021), to account for the possibility that ESG
investor preferences are priced in on the basis of unadjusted ratings. However,
we also create industry- and/or country-level adjusted ratings for every rater by,
at each point in time and each stock, subtracting from each rating the average
rating of country and/or industry peers in that month. When adjusting ratings
at the country-level, we require that the rater covers at least 10 stocks in that
country during the entire sample period to compute the adjusted rating. Since
Sustainalytics introduced a new ESG dataset with a fundamentally different
methodology in 2018, we opt for the legacy dataset ending in 2018 because
this is the dataset that was de facto used by investors during the overwhelming
majority of the sample period. Since Sustainalytics ratings change at most
once a year and are highly autocorrelated, we use the last ratings available in
the legacy dataset as of October 2018 to predict subsequent stock returns from
November 2018 onwards.

Composite ratings We construct three composite ESG ratings by averaging ratings across raters:
Composite 2+, Composite 3+, and Composite 6. We exclude RepRisk in the
construction of composite raters because RepRisk is negatively correlated with,
and conceptually different from, the other six raters. We convert ratings to
percentile ranks each month before averaging. Composite 2+ covers stocks that
are rated by at least two of the six raters. Composite 3+ covers stocks that
are rated by at least three of the six raters. Composite 6 covers stocks that are
rated by all six raters.
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Table IA.1 - continued

ESG variables

ESG momentum Most recent change in ESG ratings that occurred in the preceding 12 months. In
the case of Refinitiv and S&P Global, which report ratings at yearly frequency,
ESG momentum is the year-on-year change in ratings. ESG momentum is
missing during the first 12 months after a stock enters the dataset.

Low ESG
uncertainty

Dummy variable equal to one if a stock is among the 20% of stocks with lowest
ESG uncertainty in a given month. ESG uncertainty is defined as the standard
deviation of ratings across all six ESG raters other than RepRisk. Ratings are
converted to percentile ranks in each month before computing the standard
deviation. ESG uncertainty is missing if fewer than two raters rate a stock in a
given month.

Stock returns and
characteristics

Returns For U.S. stocks, we use the monthly stock returns in the CRSP field RET. For
non-U.S. stocks we compute monthly stock returns in U.S. dollars using Compu-
stat daily data and the formula PRCCDt×FXt×QUNITt−1×AJEXDIt−1×TRFDt

PRCCDt−1×FXt−1×QUNITt×AJEXDIt×TRFDt−1
.

PRCCDt denotes the closing stock price at time t. TRFDt, AJEXDIt and
QUNITt adjust for dividends, stock-splits, and quotation units. FXt is the
exchange rate from local currency to U.S. dollars. We use the last day of each
month with a non-zero closing price to compute monthly returns. Returns are
adjusted for delisting as described in the delisting returns subsection of the In-
ternet Appendix.

Beta Regression slope of a regression of monthly excess stock returns on country-
specific market excess returns over the previous 24 months. We impose that
at least 12 months of valid excess return observations must be available during
the 24-month period. We use one-month Treasury bill rates to compute excess
returns. U.S. market excess returns and Treasury bill rates are retrieved from
Kenneth French’s data library. For the remaining countries, we compute market
returns as the weighted average of stock market returns in each country and
month. The weights are proportional to the market capitalization of each stock.

Size Natural logarithm of market capitalization in millions of U.S. dollars. For U.S.
stocks, following Bali et al. (2016), market capitalization is the absolute value
of the product of end-of-month stock price (CRSP field ALTPRC ) and the
number of shares outstanding (CRSP field SHROUT ). For non-U.S. stocks,
market capitalization is computed analogously using the data fields described
in the definition of the variable Returns. Following Fama and French (1992),
we compute market capitalization as of June of each year and hold that value
constant until May of the following year.
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Table IA.1 - continued

Stock returns and
characteristics

B/M Natural logarithm of the ratio of book value of equity to market capitaliza-
tion. The book value of equity is computed as the sum of the Compustat items
book value of stockholder’s equity (SEQ) and deferred taxes and investment
tax credit (TXDITC ), minus the book value of preferred stock which is defined
as either the redemption value (PRTKRV ), liquidating value (PSTKL), or par
value (PSTK ) as available (in this order). If none of these measures is avail-
able we assume the book value of preferred stock is zero. If SEQ is missing,
we replace it by the sum of book value of equity (CEQ) and book value of
preferred stock if available. If unavailable, we use the difference between total
assets (AT ) and total liabilities (LT ). If TXDITC is missing, we replace it by
the sum of deferred taxes (TXBD) and investment tax credit (ITCB), where
ITCB is set to zero if missing. If TXDITC is still missing, we set it to zero.
Market capitalization is computed as described in the definition of the variable
Size. Following Fama and French (1992), the B/M ratio in June of year t+1
through May of year t+2 is computed using market capitalization measured as
of the end of calendar year t and book value of equity measured at the end of
the fiscal year ending in calendar year t.

Investment Percentage change in total assets (Compustat item AT ).

Gross profitability Revenues (Compustat item REVT ) minus costs of goods sold (Compustat item
COGS ) divided by assets (Compustat item AT ).

Momentum Momentum in month t is defined as the cumulative return in U.S. dollars over
the 11-month period between months t-2 and t-12. We require at least nine
months of available return data during the 11-month period.

Leverage Ratio of total debt (Compustat items DLTT+DLC ) to total assets (Compustat
item AT ). Following Jensen, Kelly, and Pedersen (2023), we allow either DLTT
or DLC to be missing but not both. Negative values of DLTT and DLC are
set to missing if negative, following Iliev and Welch (2010).

Volatility Annualized standard deviation of monthly stock returns in U.S. dollars over the
previous 12 months.

Tangibility Property, plant, and equipment (Compustat item PPENT ) divided by total
assets (Compustat item AT ).

R&D R&D spending (Compustat item XRD) divided by total assets (Compustat item
AT ). When R&D is missing, it is assumed zero.
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Table IA.1 - continued

Environmental and
social norms

Environmental
norms

Index measuring environmental norms in a country. The index ranges between
zero and one. Higher values mean stronger environmental norms. It is based
on survey responses to questions related to: (i) unpaid work related to envi-
ronment, conservation, and animal rights; (ii) active/inactive membership in
environmental organizations; (iii) whether it is important to a person to look
after the environment; (iv) whether a person would forgo part of their income
for the environment; and (v) whether protecting the environment has priority
over economic growth. Responses across questions are combined following the
methodology of Welzel (2013). The data is sourced from the Integrated Values
Survey and uses data from World Values Survey (Waves 4-7) and European Val-
ues Survey (Waves 4 and 5). The index is updated as new survey data for each
country becomes available (i.e., not every year). Since data from different waves
exhibit very high autocorrelation (Dyck et al. 2019), we compute the average
value of the index over the sample period for each country to maximize coverage
and cancel out noise.

Social norms Index measuring social norms in a country. The index ranges between zero and
one. Higher values mean stronger social norms. It is based on survey responses
to questions related to: (i) autonomy: whether independence and imagination
are important child qualities; (ii) gender equality: a) men should have more
right to jobs than women; b) men make better political leaders than women
do; c) university is more important for a boy than for a girl; d) men make
better business executives than women do; (iii) voice: assign first, second, or
no priority to the goals of (a) protecting freedom of speech; (b) giving people
more say in important government decisions; (c) giving people more say about
how things are done at their jobs and in their communities; (iv) freedom: how
acceptable respondents find (a) divorce; (b) abortion; and (c) homosexuality.
Responses across questions are combined following the methodology of Welzel
(2013). The data is sourced from the Integrated Values Survey and uses data
from World Values Survey (Waves 4-7) and European Values Survey (Waves
4 and 5). The index is updated as new survey data for each country becomes
available (i.e., not every year). Since data from different waves exhibit very high
autocorrelation (Dyck et al. 2019), we compute the average value of the index
over the sample period for each country to maximize coverage and cancel out
noise.
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Table IA.1 - continued

Environmental and
social norms

Associational
activity

Index measuring the extent to which individuals in a country actively participate
in recreational, humanitarian, and environmental associations. The index ranges
between zero and one. Higher values mean more associational activity. The
index is based on World Values Survey data and aggregated at the country-level.
The index is invented and constructed by Welzel (2013) and data is sourced
from the Welzel replication file (Welzel 2015) available in the online GESIS
Data Archive administered by the Leibniz-Institut für Sozialwissenschaften. For
further details refer to Welzel (2015).

Social movement
activity

Index measuring the extent to which peaceful social movement activities (pe-
titions, demonstrations, and boycotts) are part of a country’s culture. The
index ranges between zero and one. Higher values mean more social movement
activity. The index is based on World Values Survey data and aggregated at
the country-level. The index is invented and constructed by Welzel (2013) and
data is sourced from the Welzel replication file (Welzel 2015) available in the
online GESIS Data Archive administered by the Leibniz-Institut für Sozialwis-
senschaften. For further details refer to Welzel (2015).

Schmidt Political
Orientation index

Index that measures the political orientation of a country’s government based on
the percentage of cabinet positions held by different parties, taking into account
the number of days in office in a given year. The index ranges from one to
five. A value of one means hegemony of right-wing and centre parties (left-wing
parties account for 0% of cabinet positions). A value of two means dominance
of right-wing and centre parties (left-wing parties account for 33.33% or less of
cabinet positions). A value of three means balance of power between left and
right wing parties (left-wing parties account for between 33.33% and 66.67% of
cabinet positions). A value of four means dominance of social-democratic and
other left-wing parties (left-wing parties account for 66.67% or more of cabinet
positions). A value of five means hegemony of social-democratic and other left-
wing parties (left-wing parties account for 100% of cabinet positions). Sourced
from the Comparative Political Data Set (Armingeon, Engler, Leemann, and
Weisstanner 2023).

Votes green parties Share of votes obtained by parties classified as green in the most recent national
parliament election in a given country. Sourced from the Comparative Political
Data Set (Armingeon et al. 2023).

Votes left parties I Share of votes obtained by parties classified as left socialist, green, or feminist in
the most recent national parliament election in a given country. Sourced from
the Comparative Political Data Set (Armingeon et al. 2023).
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Table IA.1 - continued

Environmental and
social norms

Votes left parties II Share of votes obtained by parties classified as left socialist, green, feminist,
communist, or post-communist in the most recent national parliament election
in a given country. Sourced from the Comparative Political Data Set (Armin-
geon et al. 2023).

Votes left parties
III

Share of votes obtained by parties classified as social democrat, left socialist,
green, feminist, communist, or post-communist in the most recent national par-
liament election in a given country. Sourced from the Comparative Political
Data Set (Armingeon et al. 2023).

Votes non-right
parties I

Share of votes obtained by parties not classified as conservative or right-wing in
the most recent national parliament election in a given country. Sourced from
the Comparative Political Data Set (Armingeon et al. 2023).

Votes non-right
parties II

Share of votes obtained by parties not classified as conservative, right-wing,
or religious in the most recent national parliament election in a given country.
Sourced from the Comparative Political Data Set (Armingeon et al. 2023).

Votes non-right
parties III

Share of votes obtained by parties not classified as liberal, conservative, right-
wing, or religious in the most recent national parliament election in a given
country. Sourced from the Comparative Political Data Set (Armingeon et al.
2023).

Left-wing
government I

Share of cabinet posts of social democratic and other left-wing parties as a
percentage of total cabinet posts in a given country-year. The computation
takes into account the number of days in office in a given year. Sourced from
the Comparative Political Data Set (Armingeon et al. 2023).

Left-wing
government II

Share of seats in parliament of social democratic and other left-wing parties in
government as a percentage of total parliamentary seats held by all government
parties in a given country-year. The computation takes into account the number
of days in office in a given year. This is intended as a measure of relative power
of social democratic and other left-wing parties within the government. Sourced
from the Comparative Political Data Set (Armingeon et al. 2023).

Left-wing
government III

Share of seats in parliament of social democratic and other left-wing parties
in government as a percentage of total parliamentary seats. The computation
takes into account the number of days in office in a given year. Sourced from
the Comparative Political Data Set (Armingeon et al. 2023).
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Table IA.1 - continued

ESG disclosure
standards

Mandatory ESG
disclosure

Indicator that equals one starting from January of the year after a country
introduced mandatory ESG disclosure, and zero otherwise. If ESG disclosure is
not introduced all at once, we require that mandatory E, S, and G disclosure is
present for the indicator to be one. Sourced from Krüger et al. (2021).

Mandatory E
disclosure

Indicator that equals one starting from January of the year after a country in-
troduced mandatory environmental (E) disclosure, and zero otherwise. Sourced
from Krüger et al. (2021).

Mandatory S
disclosure

Indicator that equals one starting from January of the year after a country
introduced mandatory social (S) disclosure, and zero otherwise. Sourced from
Krüger et al. (2021).

Mandatory G
disclosure

Indicator that equals one starting from January of the year after a country
introduced mandatory governance (G) disclosure, and zero otherwise. Sourced
from Krüger et al. (2021).

Mandatory ESG
disclosure (all at
once)

Indicator that equals one starting from January of the year after a country
introduced all-at-once implementation of ESG disclosure, and zero otherwise.
The all-at-once implementation means that mandatory disclosure on E, S, and
G was introduced at the same time. Sourced from Krüger et al. (2021).

Mandatory ESG
disclosure
(government
mandated)

Indicator that equals one starting from January of the year after a government
institution in a country introduced mandatory ESG disclosure, and zero other-
wise. A government institution can be a ministry, the parliament, a securities
regulator, or a similar institution. If ESG disclosure is not introduced all at
once, we require that mandatory E, S, and G disclosure is present for the indi-
cator to be one. Sourced from Krüger et al. (2021).

Mandatory ESG
disclosure (full
compliance)

Indicator that equals one starting from January of the year after a country intro-
duced mandatory ESG disclosure on a full-compliance basis (not on a comply-
or-explain basis), and zero otherwise. If ESG disclosure is not introduced all
at once, we require that mandatory E, S, and G disclosure is present for the
indicator to be one. Sourced from Krüger et al. (2021).
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Table IA.1 - continued

Strictness of
environmental
regulations

Environmental
Performance index

Index that measures environmental performance in terms of the extent to which
countries achieve environmental policy targets. The index ranges between zero
and 100. Higher values mean better environmental performance. It is based on
a set of 40 performance indicators covering climate change performance, envi-
ronmental health, and ecosystem validity. Higher index values indicate better
environmental performance in a country. The index is released every two years
and we update index values accordingly. Sourced from the Yale Center for En-
vironmental Law.

Environmental
Democracy index

Index that measures the extent to which countries pass legally binding laws
and practices that improve transparency, accountability, and citizen engagement
in environmental decision-making. The index ranges between zero and three.
Higher values mean more transparency and accountability on environmental is-
sues. It is based on three pillars: (i) right to access information on environmental
quality and problems; (ii) right to participate meaningfully in decision-making;
and (iii) right to demand enforcement of environmental laws and compensation
for harm. Sourced from the World Resources Institute (WRI).

Environmental
Policy Stringency
index

Index that measures the extent to which countries’ environmental policies put an
implicit or explicit price on environmental harmful behavior. The index ranges
between zero and six. Higher values mean more environmental stringency. It
is based on 13 environmental policy instruments, mostly related to climate and
air pollution. This index is administered by the Organisation for Economic Co-
operation and Development (OECD).

Employment Laws
index

Index that captures the rigidity of labor regulations in a country. The index
ranges between zero and one. Higher values mean more rigid labor regulation. It
is based on three dimensions: (i) restrictions placed on alternative employment
contracts to capture the extent to which these contracts are used to bypass reg-
ular labor provisions; (ii) conditions of employment (e.g., mandatory payment
for non-working days, minimum wage legislation, flexibility of working time
requirements); and (iii) job security (e.g., dismissal procedures and severance
payment). This index is sourced from Botero et al. (2004).
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Table IA.1 - continued

Strictness of social
regulations

Labor Regulation
index

Index that measures the rigidity of labor regulation in a given country. The
index ranges between zero and ten. Higher values mean more flexible labor
regulation. It is based on six dimensions: (i) hiring regulations and minimum
wage; (ii) hiring and firing regulations; (iii) centralized collective bargaining;
(iv) hours regulations; (v) mandated cost of worker dismissal; (vi) conscription.
Sourced from the Fraser Institute.

Employment
Protection
Legislation I

Index of labor market flexibility. The index ranges between five and ten. Higher
values mean more flexible labor regulation. This is based on three components:
(i) individual dismissal of workers with regular contracts (EPR) which accounts
for factors such as the easiness of dismissal and severance pay; (ii) additional
costs for collective dismissals relative to the costs of individual dismissals (EPC);
and, (iii) regulation of temporary contracts (EPT), which covers considerations
such as compensation and working conditions of temporary workers. Follow-
ing Edmans et al. (2021), we define the Employment Protection Index I as the
equally-weighted average of the three components. We assign 2019 index values
to 2020 because the data end in 2019. Sourced from the Organisation for Eco-
nomic Co-operation and Development (OECD). We use the most recent version
(version 4) of the dataset.

Employment
Protection
Legislation II

Index of labor market flexibility. The index ranges between five and ten. Higher
values mean more flexible labor regulation. This is based on three components
(EPR, EPC, and EPT) defined above. Following Edmans et al. (2021), we
define Employment Protection Legislation II as the weighted average of the three
components using weights 10

21 ,
4
21 , and 7

21 for EPR, EPC, and EPT, respectively.
We assign 2019 index values to 2020 because the data end in 2019. Sourced
from the Organisation for Economic Co-operation and Development (OECD).
We use the most recent version (version 4) of the dataset.
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