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As soon as he took office, on the 20th of January 2021, 
Joseph Robinette Biden made the choice to re-join the Paris 
Climate Agreement. This choice sent the issue of climate 
change straight back up onto the top of the world agenda. 
Initiated in 2016 at the COP 21 summit in Paris and since 
ratified by more than 190 countries, the commitment was 
made to curb the rise in temperature between 1.5 and 2 
degrees Celsius. Or else, survival may be at stake. The com-
mitment calls, as challenging as indeed it sounds, for the 
building of an economy that the planet can sustain.

It is important to underline that the investment commu-
nity has a crucial role to play in this endeavour. Since it is up 
to investors in the end to decide which enterprise to finance 
and which one not—within the limits of market laws that 
is—they are de facto at the frontline of building the new 
economy. Market mechanisms have over time, in coherence 
with Friedman’s (1962) doctrine of liberal capitalism, led to 
investment selection processes that favour economically via-
ble enterprise. The key question today is whether the same 
market mechanisms can lead to a selection of enterprise that 
is sustainable as well. Would that be conceivable? Would 
investors eventually not prefer sustainable over unsustain-
able, all else equal?

Finance theory tells us that all depends on whether inves-
tors judge the gains to weigh up against the risks. That being 
so, making such judgements is by no means trivial. As a 
starting point, investors will need access to adequate infor-
mation, extra-financial information, to be in the capacity to 
assess the sustainability costs and risks. Yet beyond the new 
information, it requires new expertise as well. Investors need 
to work out how to blend the extra-financial data into the 
regular information flows onto which the existing investment 
processes rely. The blending must be such as to be able to 
assess the economic viability and the sustainability of busi-
ness enterprise in the same time.

Adding the extra risk dimension calls for a complete 
overhaul of the portfolio management process. While new 
regulation is burgeoning, meaning to streamline the extra-
financial information and make it easier to use, the prolif-
eration of this information, extracted from many sources all 
bundled together into ESG scores, has made the integra-
tion of these factors more and more complex. The portfolio 
manager encounters great difficulties, right from the con-
struction of the portfolio, in quantifying and comparing the 
extra-financial data. For the information to translate into 
investment risk, it must be brought back to the investment 
horizon. Sea levels rise over decades … an Eco tax meant to 
fight this may come tomorrow. Indeed, a short-term investor 
will not have the same tack on climate change, for example, 
as a long-term investor. Integrating all these considerations 
into the portfolio management methodologies, is what makes 
sustainable investing challenging, and fascinating.

It is, despite all, arguably a positive point that the risks 
related to climate change, and more generally to the societal 
challenges we are facing today, are becoming more percep-
tible. The more these risks are seen to latently inflict mate-
rial damage to invested capital, the more they will become 
part of the investment selection processes. The earlier such 
transformation takes place, the earlier may asset prices react. 
Logically, divestments from assets that are seen to finance 
unsustainable enterprise will push their prices down. This 
pricing pressure sends out clear signals to firms to clean up 
their production lines, and with a bit of luck this may happen 
before the latent risks become real.

It is a time race. The transformation of the investment 
industry towards one that finances a sustainable economy 
seems underway. The question is what will go faster: global 
warming or the corrective action driven, in large part, by 
the capital markets. Crucial in this race is that investors gain 
experience in what-is-called sustainable investing. It is work 
in progress. It is encouraging to see that serious efforts are 
going into ESG research, and we are thrilled to contribute 
to these efforts via this special issue.

In the lead article, Frank Fabozzi, Peck Wah Ng and 
Diana Tunaru study the impact of Corporate Social 
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Responsibility (CSR) on Corporate Financial Performance 
(CFP) and credit ratings in Japan. Their findings are mixed. 
On an aggregated data level, the impact of ESG scores, used 
as proxies for CSR, on CFP appears negative, whereas on a 
more granular data level, test results diverge depending on 
how CSR and CFP are measured. The impact is negative for 
the accounting values of firms yet turns positive for market 
values. Moreover, much depends on the individual E, S and 
G pillars of the ESG scores that are used and on the test 
method counting in nonlinear effects or not. The authors 
believe that two opposing effects are at play, stemming from 
the agency problem, which pushes toward lower CFP, and 
from the value-enhancing view leaning toward higher CFP. 
The impact on credit ratings is more convincingly positive. 
Overall, it is fair to say that Japanese firms are relatively new 
to corporate social responsibility; according to the Milken 
Institute, the portion of investors’ reports using ESG scores 
is 18% in Japan in 2018, compared to 39% in the USA and 
46% in the EU.

In their article named “Green Bonds: Shades of Green 
and Brown” Moritz Immel, Britta Hachenberg, Florian Kie-
sel and Dirk Schiereck make an account of how the green 
bond market fares today, thirteen years into its existence. 
Much has happened since the World Bank issued the first 
Green Bond in 2008. The authors give evidence that green 
bonds are trading at a (small) premium compared to non-
green (brown) bonds. Interestingly, among the green bonds 
those scoring high on ESG criteria, in terms of Environmen-
tal-, Social- and Governance issues, are more expensive than 
those that do not.

In his article named “Air Pollution, Investor Sentiment, 
and Excessive Returns” Matthew Muntifering gives evi-
dence of a remarkable market phenomenon. In the same way 
that stock markets tend to be upbeat on sunny days, he finds 

an opposed effect coming from air pollution: polluted air in 
New York City makes the stock markets downbeat. Matthew, 
who is doing his PhD in the Department of Agricultural Eco-
nomics and Rural Sociology, Auburn, conducted his study 
using the air quality index provided by the Environmental 
Protection Agency.

In their article named “Sustainability Efforts, Index Rec-
ognition, and Stock Performance” Moonsoo Kang, K.G. 
Viswanathan, Nancy A. White and Edward J. Zychowicz 
study the price behaviour of stocks entering the North 
America Dow Jones Sustainability Index, a flagship stock 
index based on ESG criteria that was launched in 1999. The 
authors find that stock prices go up on the news of entrance, 
indicating that the selected stocks are in effect in demand. 
The authors have verified that the positive reaction is not a 
result of selection bias other than the ESG criteria.

In his article named “Expected and Realized Returns on 
Stocks with High and Low ESG Exposure” Olaf Stotz shows 
that there is a discrepancy between the expected return on 
stocks with high ESG scores and the eventual outcome. 
Interestingly, the ex post realised returns on high-scoring 
ESG investments largely outdo the ex ante expectations 
based on the financial fundamentals of the underlying firms, 
that is, over the period from 2008 to 2018 in the US. Olaf 
attributes this finding to the news on discount rates, which in 
effect indicates that high ESG assets are in demand.

Publisher’s Note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.
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Abstract
We investigate the impact of companies’ sustainability efforts on their corporate financial performance (CFP) and credit 
ratings in Japan, based on a new proxy for corporate social responsibility (CSR)—Sustainalytics’ quantitative Environment, 
Social and Governance (ESG) ratings. We find weak evidence of a negative impact of ESG scores (on an aggregated basis 
and disaggregated basis) on several accounting measures of CFP. Our quantile regression results reveal a nonlinear pattern 
across the quantiles, with CSR effects intensifying at the extremal quantiles. However, we find a weak positive relationship 
between ESG and stock market-based measures, as well as between ESG and credit ratings. Our findings suggest that inves-
tors, credit rating agencies (CRAs) and regulators should differentiate between the three types of ESG screening as they 
interact and contribute in their specific way to the aggregate ESG effect.

Keywords  Corporate social responsibility · Corporate financial performance · Credit ratings · Environment, social and 
governance ratings · Quantile regression

JEL Classification  G39 · Q50 · C21 · C23

Introduction

The subject of Corporate Social Responsibility (CSR) or 
Environment, Social and Governance (ESG) (both terms are 
used interchangeably in this paper) has gained increasing 
prominence in the financial community throughout the world 
as responsible business models are at the core of the transi-
tion to a sustainable global economy. This trend is also pre-
sent in the Asia-Pacific region, as companies are becoming 
significantly more ESG responsive (Auer and Schuhmacher 
2016).

One of the first studies to offer support for CSR primar-
ily based on stakeholder theory is Freeman (1984), who 
asserted that a firm’s management should formulate cor-
porate policies to satisfy not just shareholders, but also 
other stakeholders such as customers, employees, suppliers, 

community groups and governments. In addition to tradi-
tional financial measures, stakeholders require that managers 
also disclose performance in terms of CSR. Numerous cor-
porations around the world have already embedded sustaina-
bility principles into their business models, while the world’s 
major exchanges have developed sustainability indexes and 
set minimum standards for sustainability disclosure as a pre-
requisite for listing companies on their exchanges. While 
corporate reputation is the main driver in pursuing sustain-
ability efforts, more and more companies worldwide report 
their CSR activities, as they are increasingly aware of their 
additional operational and growth benefits. KPMG (2011) 
found that in 1996 only 300 firms worldwide produced CSR 
reports, while by 2014 their number increased to more than 
7000 worldwide (Khan et al. 2016).

The interaction between (CSR) and corporate finan-
cial performance (CFP) has been extensively examined in 
numerous theoretical and empirical studies. The findings are 
still to reach consensus as two contrarian approaches have 
been put forward. On the one side, Milton Friedman (1970, 
p. 126) contends that in a free society “there is one and only 
one social responsibility of business—to use its resources 
and engage in activities designed to increase its profits so 
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long as it stays within the rules of the game, which is to 
say, engages in open and free competition without decep-
tion or fraud.” Friedman would view expenditures for CSR 
as being an illegitimate waste of resources that is in conflict 
with a firm’s responsibility to its shareholders. According to 
this view, CSR initiatives by corporate management would 
result in a lower CFP and a lower credit rating and ultimately 
higher borrowing costs. On the other opposite side, advo-
cates of policies by management directed at CSR (e.g., Bar-
nett and Solomon 2012; Epstein and Rejc-Buhovac 2014) 
argue that shareholders and creditors will reward the firm 
with lower funding cost and higher CFP over time.

Given the current global economic agenda, numerous ini-
tiatives recommend that institutional investors consider CSR 
policies in making allocation decisions. For example, in the 
European Union, the regulatory authorities are considering 
making it mandatory for institutional investors to include 
ESG as part of their fiduciary duty. Although in the Asia-
Pacific region CSR investing is largely at a nascent stage, 
CSR is gaining momentum as sovereign and pension funds 
are increasingly committing to socially responsible invest-
ments. Consequently, with the mandatory requirements for 
institutional investors to include ESG as part of their fiduci-
ary duty, corporate management in the Asia-Pacific region 
cannot overlook CSR any longer. Investors who do not con-
sider ESG risks in their portfolios may also risk breaching 
their fiduciary duty (Ottawa 2018).

Credit rating agencies (CRAs) are concerned with ESG 
issues, which can negatively affect a firm’s financial position 
and leave creditors vulnerable to significant losses (Fitch 
Ratings 2004). The “Statement on ESG in Credit Risk and 
Ratings” (Principles for Responsible Investment 2016) calls 
for CRAs and investors to recognize the importance of con-
sidering ESG factors in credit risk analysis and the impera-
tive of making this information transparent.

In this paper, we explore (at both aggregated and disag-
gregated levels) three ESG aspects for the Japanese market. 
First, we investigate the impact of CSR (using the Sustaina-
lytics’ ESG Rating database) on the Tobin’s Q measure. Sec-
ond, we investigate the impact of CSR on the accounting-
based measures of CFP, namely, return on assets (ROA) and 
return on equity (ROE). Third, we investigate the effects of 
CSR on credit ratings of Japanese corporations and examine 
the disaggregated impact of each of the different subscores 
of ESG on corporate credit ratings.

Following previous indications of a curvilinear CSR–CFP 
relationship (see Barnett and Solomon 2012), we extend our 
analysis beyond the ordinary least squares (OLS) regression 
and try to measure the impact of ESG on different segments 
of the distribution of the CFP by employing the quantile 
regression estimation method. Our empirical results pro-
vided by the two regression techniques are different with 
respect to some covariates, suggesting that investors, CRAs 

and regulators should differentiate between the three types 
of ESG screening as they interact and contribute in their spe-
cific way to the overall ESG effect. The quantile regression 
analysis provides evidence of a nonlinear CSR–CFP rela-
tionship which can be explained by other empirical findings 
(e.g. Ding et al. 2016) indicating that the relative position of 
the firm within its specific industry may play an important 
role in the dynamics of this relationship.

Theory and empirical evidence 
on the impact of CSR

There are several theories about CSR and its impact on firm 
valuation based on various metrics of financial performance. 
On the empirical side, an overwhelming number of studies 
on the impact of CSR provide mixed evidence leaving the 
debate unresolved.

Value‑Enhancing and agency perspectives: CSR 
and CFP

There are two general views in the CSR literature, namely 
the value-enhancing view and the agency view. The CSR 
value-enhancing view, or the risk mitigation view, asserts 
that socially responsible firms which help protect the envi-
ronment, promote social equality and improve community 
relationships can adhere to value-maximizing corporate 
governance practices (Ferrell et al. 2016).1 Several studies 
link CSR expenditures to future CFP through specific chan-
nels such as attracting and retaining high-quality employees, 
improving the effectiveness of the marketing of products 
and services, increasing the demand for products and ser-
vices and providing superior access to valuable resources. 
Proponents of CSR also identify indirect channels through 
which CSR expenditures may improve a firm’s CFP, includ-
ing providing a form of reputation insurance and mitigating 
the likelihood of negative regulatory or legislative action. 
Still other studies have focused on the individual compo-
nents of CSR and how they influence borrowing costs and 
performance.

Benefits of CSR could extend beyond traditional meas-
ures of CFP. The recent relevant literature supports a posi-
tive stance for CSR. Nguyen et al. (2017) argue that CSR 
activities can create shareholder value as long as manag-
ers are properly monitored by long-term investors who 
can ensure that managers choose the amount of CSR that 
maximizes shareholder value. Fatemi et al. (2015) find that 

1  Lys et al. (2015) refer to this as the “investment hypothesis” as cur-
rent CSR expenditures lead to improvements in future firm perfor-
mance.

Reprinted from the journal 4
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CSR expenditures create value for the firm. Other studies 
find that voluntary environmental quality is associated with 
firm value through both the cash flow and the cost of equity 
components and that ESG strengths increase firm value, 
while ESG concerns decrease it. In analyzing the impact 
of the different components of the firm’s ESG score, envi-
ronmental strengths increase the firm’s valuation; however, 
neither social nor governance strengths increase the firm’s 
valuation. Weaknesses in the different components affect 
(reduce) the firm’s valuation in the same way. Klapper and 
Love (2004) find that better corporate governance is highly 
correlated with superior operating performance and market 
valuation for the firms in emerging markets and that firm-
level governance is lower in countries with weaker legal 
systems.

In contrast, the agency view as advocated by Ferrell et al. 
(2016) generally considers CSR as a managerial agency 
problem and a waste of corporate resources. Several studies 
found a mixed or negative relationship between CSR and 
CFP. According to Bénabou and Tirole (2010) and Cheng 
et al. (2016), critics of CSR contend that CSR expenditures 
are an inefficient use of corporate resources and argue that 
CSR is often a manifestation of managerial agency prob-
lems inside the firm. Krüger (2015) argues that socially 
responsible firms tend to suffer from agency problems as 
managers engage in CSR that benefits themselves at the 
expense of shareholders. Moreover, managers engaging in 
time-consuming CSR activities may lose focus on their core 
managerial responsibilities (Jensen 2001).

The empirical evidence on the benefits of CSR for US 
corporations is inconclusive, although predominantly sup-
porting a positive stance on CSR (Margolis et al. 2009). For 
non-US firms, Xie et al. (2017) find that CSR has no impact 
on financial performance of firms in China and Vietnam, but 
that CSR efforts can help companies improve their financial 
performance only through improving customer satisfaction. 
Focusing on firms in sensitive industries from BRICS (Bra-
zil, Russia, India, China and South Africa) countries, Garcia 
et al. (2017) find that the profitability of a firm’s assets is 
negatively associated with only one of the ESG scores, the 
environmental performance score.

Offering a different perspective, Lys et al. (2015) docu-
ment that CSR expenditures are not a form of corporate 
charity, nor do they improve future financial performance. 
They argue that firms should undertake CSR expenditures 
only when they anticipate stronger future financial perfor-
mance and that corporate accountability reporting is another 
channel through which outsiders may infer insiders’ private 
information about firms’ future financial prospects.

Studies investigating the relationship between CSR and 
CFP generally measure financial performance using either 
an accounting-based measure of profitability (Aupperle 
et al. 1985) or a measure of firm stock market performance 

(Alexander and Buchholz 1978; Vance 1975). For those 
studies using accounting-based measures, the meta-analysis 
of Boaventura et al. (2012) revealed that most studies (48%) 
use return on equity to measure CFP, followed by return on 
assets (29%). Tobin’s Q was used in only 10% of the stud-
ies. Studies that use accounting profitability as a measure of 
CFP find mixed evidence on the link between CSR and CFP, 
but overall the empirical literature points toward a positive 
relationship between CSR and CFP (Erhemjamts et al. 2013; 
Rodgers et al. 2013).

Risk mitigation and agency perspectives: CSR 
and credit rating

Other ESG-related research addresses the impact of CSR 
on a firm’s costs of financing and stock returns, providing 
also mixed evidence. During the 2008–2009 financial cri-
sis, Lins et al. (2017) observed that firms with high social 
capital measured as CSR intensity had stock returns four to 
seven percentage points higher compared to firms with low 
social capital. Focusing on responsible practices related to 
employees, environment and products, El Ghoul et al. (2011) 
find that responsible US firms experience a lower cost of 
capital and thus higher valuation. Menz (2010) reports a 
weak positive relationship between CSR and bond spreads 
for European firms. Chava (2014) documents that there is 
an observed positive relationship between expected stock 
returns and a firms’ environmental concerns, and Goss and 
Roberts (2011) find that firms with below-average environ-
mental and social performance are associated with a higher 
premium on their cost of private bank debt. In contrast, 
Sharfman and Fernando (2008) find that firms with good 
environmental performance have higher leverage and must 
pay higher bond yields.

At the theoretical level, there are two opposing perspec-
tives regarding the potential impact of CSR initiatives on 
credit ratings—the risk mitigation (value enhancing) and the 
agency perspectives. The risk mitigation perspective sug-
gests that CSR activities improve credit ratings. Arguments 
in favor of CSR center on the negative correlation between 
CSR and risk. Godfrey (2005) argues that firms with more 
CSR engagement are exposed to a lower degree of risk. If 
the investments in CSR lead to lower risk, credit ratings 
would improve because they provide information about a 
firm’s default probability. Credit rating agencies and debt-
holders concentrate considerably more on downside risk 
when reviewing a firm because their payoff on the upside is 
limited. Consequently, the risk mitigation view suggests that 
more socially responsible firms are assigned more favorable 
credit ratings. Empirically, Jiraporn et al. (2014) found that 
increasing the CSR by one standard deviation results in an 
improvement of up to 4.5 % in the firm’s credit ratings.

5 Reprinted from the journal
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On the other hand, the agency view (Jensen and Mecking 
1976) argues that CSR investments represent a misallocation 
of resources, with managers overinvesting in CSR for private 
benefits instead of maximization of shareholder wealth. It 
also suggests that by recognizing the agency conflict engen-
dered by CSR efforts, credit rating agencies will assign 
lower credit ratings to firms with higher CSR. However, the 
empirical results are mixed. In a recent study, Lioui and 
Sisto (2017) show that firms highly rated along CSR dimen-
sion see their cost of capital increased by 268 basis points.

Datasets

Sample selection

To investigate the relationship between CSR and CFP and 
between the CSR and credit ratings in Japan, we use data 
from the following sources: (1) Sustainalytics’ ESG Rating 
database which provides companies’ ESG scores based on a 
range of core and sector-specific indicators; (2) credit ratings 
from Japan Credit Rating Agency (JCRA) database which 
provides long-term issuer credit ratings; and (3) Bloomberg 
database which provides financial statement data.

The Sustainalytics’ ESG Rating database covers 530 
Japanese companies and provides “overall ESG scores” and 
component scores of the three pillars, namely E, S and G 
scores. We filtered this universe to remove banks and finan-
cial institutions, as the measures of corporate financial per-
formance (ROA, ROE) and the control variables (for exam-
ple, leverage, price-to-book ratios, and so on) are not directly 
comparable between banks and corporations.

For the purpose of this study, two samples are constructed. 
For the first sample (to study the impact of CSR on CFP), we 
filter for availability of financial information and Sustainalyt-
ics’ ESG Ratings, resulting in a reduced sample of 430 firms. 
For the second sample (to study the impact of CSR on credit 
ratings), we collect data including credit ratings for 182 firms.

Corporate social responsibility

Constructing a truly comparable and representative measure 
of CSR has been challenging due to the multidimensionality 
of the CSR and the limited perspective of the firm’s CSR 
through the measurement of a single dimension (e.g., philan-
thropy) of CSR (Lydenberg et al. 1986; Wolfe and Aupperle 
1991). Waldock and Graves (1997, p. 304) highlighted the 
“need for a multidimensional measure applied across a wide 
range of industries and larger samples of companies”.

In recent years, most research on CSR relies on the dataset 
provided by MSCI ESG KLD STATS database; others rely 
on subjective CSR measures such as a questionnaire, forced-
choice survey instruments, reputation index or content analysis. 

Critiques of MSCI ESG KLD STATS data point out that posi-
tive and negative social actions should not be combined as they 
are both empirically and conceptually distinct components 
(Mattingly and Berman 2006; Chatterji et al. 2009).

This study aims to provide new insights regarding the 
effects of CSP on CFP and credit ratings by using the Sus-
tainalytics’ ESG Rating for Asia corporates for the meas-
urement of CSR, as it provides a comparable score for each 
company. The Sustainalytics’ ESG Rating dataset has not 
been widely used in the literature, given the fact that the 
scores for Asia corporates are available only since 2009. To 
the best of our knowledge, this study will be one of the first 
to use the Sustainalytics’ ESG Rating dataset to study the 
impact of CSR.

Sustainalytics is a leading provider of ESG and corporate 
governance research, ratings and analysis to investors cover-
ing 11,000 global companies (1759 Asia companies) across 
42 sectors. Overall, Sustainalytics’ ESG Rating assesses 150 
core and sector-specific indicators with an average of 80 
indicators for each company. There are an additional ten 
indicators for controversial events. Compared to the MSCI 
ESG KLD STATS2 database which only expanded its cover-
age from 2013 to include non-US companies, Sustainalyt-
ics’ database covers Asia corporates from 2009. An added 
advantage of Sustainalytics’ ESG Rating database over 
MSCI ESG KLD STATS data is that it allows comparison 
across multiple peer groups using numerical scores.

The Sustainalytics’ ESG Rating dataset not only provides 
the overall ESG score but also the component scores of the 
three pillars, namely Environment (E), Social (S) and Gov-
ernance (G). The Sustainalytics’ ESG Rating is a quantita-
tive score on a scale of 1–100 based on a balanced scorecard 
system. The overall ESG score is computed as a weighted 
average of the three pillars, with variable weights depending 
on the peer group. The score of each pillar is, in turn, the 
weighted sum of the scores on the issues belonging to the 
respective pillar (see “Appendix A”).

For the CSR assessment, fiscal year data are drawn from 
the Sustainalytics’ ESG Rating database for companies from 
Japan covering the period from the third quarter of 2009 
(September 30, 2009) to the second quarter of 2016 (March 
31, 2016).

Corporate financial performance

In this study, we employ two accounting metrics, ROA and 
ROE, as measures of CFP. Extracted both from Bloomberg, 
ROA and ROE are calculated as the trailing 12 months net 

2  The MSCI ESG STATS database was previously known as the 
KLD STATS database; the latter covered only US publicly traded 
companies. MSCI ESG STATS expanded its coverage of non-US 
companies in 2013.
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income divided by the average of the beginning and ending 
balance of total assets (total common equity) for each finan-
cial year, respectively.

We have also considered Tobin’s Q (a forward-looking 
measure of market value) as a proxy for CFP. In contrast 
to the backward-looking accounting measures, the firm’s 
market value depends on growth prospects, sustainability 
of profits, or the expected performance in the future (Rust 
et al. 2004). Market measures are less susceptible to dif-
ferent accounting procedures and represent the investor’s 
evaluation of the ability of a firm to generate future eco-
nomic earnings (McGuire et al. 1988). Tobin’s Q is extracted 
from Bloomberg, which defines Tobin’s Q as the ratio of 
the market value of a firm to the replacement cost of the 
firm’s assets and calculates this ratio as the sum of market 
capitalization, total liabilities, preferred equity and minority 
divided by total assets.

Control variables

There are two different sets of control variables for each 
sample. These data are extracted from Bloomberg on a fiscal 
year end basis.

Control variables for sample 1 (to study CSR 
and CFP)

Size, leverage, cash, price-to-book (PTB) ratio and industry 
have been suggested in previous research (Ullmann 1985; 
McWilliams and Siegel 2000; Lys et al. 2015) to be factors 
that affect a firm’s performance and CSR. To isolate the 
effects of the ESG Total score and component scores on 
CFP, the following control variables are used: sales3, cash, 
leverage, PTB ratio, beta, industry and year.

All the variables (except Industry and Year) have been 
standardized. Firm size is used as a control variable because 
larger firms tend to adopt the CSR principles more often 
(Tsoutsoura 2004). Larger firms also gather more atten-
tion and receive more pressure to respond to sharehold-
ers’ demands (Burke et al. 1986). Sales (as proxy for size) 
is a relevant variable because there is some evidence that 
smaller firms may not exhibit as much socially responsible 
behavior as do larger firms (Waddock and Graves 1997). 
Larger firms may have greater resources for CSR expendi-
tures and, therefore, may attract greater public pressure to 
engage in CSR-related activities (Lys et al. 2015; Wu 2006; 
Teoh et al. 1999). Leverage, measured by long-term debt to 

total assets, is used as a proxy for risk (Waddock and Graves 
1997; Tsoutsoura 2004). The level of management’s risk 
tolerance influences its attitude toward activities that have 
the potential to elicit savings, incur future/present costs or 
build/destroy markets. Cash, as a proxy for availability of 
resources to undertake CSR expenditures, is used as another 
control variable. Cash is an indicator of firm performance, 
which some suggest enables or gives rise to the external 
demand for CSR expenditures (Preston and O’Bannon 1997; 
Campbell 2007). Price-to-book (PTB) ratio which measures 
the market value over the book value of a listed company is 
another control variable. Leverage is also included, as stable 
firms with lower risk generally appear more likely to make 
CSR expenditures (Cochran and Wood 1984; Orlitzky and 
Benjamin 2001).

We control for industry and year fixed effects. Industry 
is included because the variation in environmental impact, 
growth prospects, disclosure requirements, and regulatory 
oversight in different industries is expected to affect the level 
of CSR expenditures (Karpoff et al. 2005; Griffin and Mahon 
1997; Spencer and Taylor 1987). There are 37 industry sec-
tors in the sample, and the segmentation of the industries 
follows that used in the Sustainalytics’ ESG Rating database. 
Industry is determined in the model by 36 dummy variables. 
Year is determined in the model by dummy variables from 
zero to seven to denote each of the fiscal years from 1999 
to 2006.

Control variables for Sample 2 (to study CSR 
and credit ratings)

To isolate the effects of the overall ESG ratings, we consider 
a set of control variables routinely considered in the relevant 
credit ratings literature:4 size, coverage ratio, operating profit 
margin, leverage ratio, capital intensity ratio and beta.

Firm size is used as a control variable because larger 
firms tend to garner more attention and receive more pres-
sure to respond to shareholders’ demands (Burke et  al. 
1986). Firm size is shown to be positively related to credit 
ratings in studies (Bhojraj and Sengupta 2003). Larger firms 
tend to face comparatively lower business and financial risks 
and are therefore expected to have lower credit spreads and 
higher ratings (Oikonomou et al., 2014). The same applies 
to the coverage ratio and margin variables, as firms that are 

3  Both Sales and Cash (as proxies for size) use the logarithm of total 
sales, and cash and marketable securities, respectively, and have not 
been scaled to total assets. This is to isolate the effect of the specific 
control variable as total assets can be viewed as a measure of size too.

4  The literature concerning credit ratings has documented many firm 
characteristics that influence credit ratings. Default risk is found to be 
inversely related to credit ratings (Lamy and Thompson 1998. Other 
studies (Blume et al. 1998; Bhojraj and Sengupta 2003; Mansi et al. 
2004; Ashbaugh-Skaife et al. 2006) control for a set of variables rou-
tinely used in studies of credit ratings to isolate the effects of the CSR 
variable.
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more profitable can afford to be more socially responsible 
according to the agency perspective.

A higher leverage ratio is associated with higher default 
risk as firms that accumulate more debt may have more dif-
ficulties in servicing that debt. Capital intensity is included 
to control for differences in companies’ asset structures, as 
companies with greater capital intensity present lower risk 
to debt providers and thus are expected to have higher credit 
ratings.

Company credit rating

Given that this study examines only Japanese compa-
nies, we used credit ratings from a domestic credit rating 
agency instead of credit ratings from global credit rating 
agencies. According to Asian Bankers Association (2000), 
domestic credit rating agencies have a better understanding 
and insights of local companies and better access to local 
information. Credit ratings are extracted from the ratings 
database of JCRA—the only Japanese rating agency that 
is officially registered in the USA and certified in the EU, 
assigning credit ratings to more than 200 foreign issuers, in 
addition to the domestic issuers in Japan.

Following other studies where commercial credit ratings 
are used,5 a measure of a company’s credit rating is specified 
by translating its long-term issuer credit ratings compiled 
by JCRA to an ordinal scale (from 8 to 1) as follows: AAA 
and AA+ (8), AA and AA- (7), A, A-, and BBB+ (6) BBB, 
BBB-, and BB+ (5), BB, BB-, and B+ (4), B and B- (3), 
CCC (2), and CC and C (1).

Sample Construction

The initial sample is constructed from 530 Japanese corpo-
rates covered by Sustainalytics. After accounting for all of 
the missing information, sample 1 is reduced to an unbal-
anced panel of 1908 yearly observations from 427 firms 
across 37 sectors for the period covering fiscal year end 2009 
to 2016 (up to fiscal year-end March 2016). “Appendix B” 
shows the industry breakdown by sample.

The sample is well diversified in terms of industry repre-
sentation, with a total of 37 industries, where the first three 
industries (Chemicals, Machinery and Technology Hard-
ware) each represent 7% of the sample. For the second sam-
ple (to investigate the relationship between CSR and credit 
ratings), we further filtered the sample to require firms to 
have credit ratings. Based on these criteria, the sample is 
reduced to 182 firms. For each firm, fiscal year-end financial 
data for the period from 2009 to 2015 are collected. Corre-
sponding credit ratings and ESG scores (with a three-month 

lag from fiscal year end) are extracted from the JCRA data-
base and Sustainalytics’ ESG Rating database, respectively.

After accounting for all of the missing information, 
sample 2 is reduced to an unbalanced panel of 855 obser-
vations from a total of 182 firms across 33 industry sectors 
for the period covering fiscal year end 2009 to 2015. Based 
on the industry breakdown in “Appendix B”, the firms are 
well spread over the 33 industries, with only one industry 
(Transportation) accounting for 12% of the sample. Each 
of the other industries accounts for less than 10% of the 
sample. The top five industries (Transportation, Chemi-
cals, Food Products, Utilities and Machinery) represent 
approximately 42% of the sample. Table 1 provides the 
descriptive statistics of the dependent and independent 

Table 1   Descriptive statistics for regression variables—sample 1

Note: This table provides the descriptive statistics of the examined 
variables for 427 Japanese firms during the period 2009 to 2016, 
based on 1908 observations. Overall ESG score represents Sustain-
alytics’ ESG Rating of a company’s overall ESG performance on a 
scale of 1–100 expressed in percentage.

Variable Mean SD Min Max

Tobin’s Q ratio 1.3129 0.8553 0.5989 14.0065
ROA (%) 3.7995 4.6347 − 65.2341 36.2296
ROE (%) 7.1138 13.0174 − 197.3558 131.5627
Sales ($) 3.8298 0.5187 2.1108 5.4266
Leverage 21.8723 17.5416 0 72.7965
Cash ($) 2.9889 0.5015 0.5345 4.6383
Price-to-book ratio 1.5805 1.2921 0.4234 18.2719
Beta 0.7705 2.824 − 23.193 14.627
Overall ESG score 0.5605 0.0787 0.32 0.8
Environment score 0.6009 0.1252 0.26 0.93
Social score 0.5287 0.0909 0.27 0.87
Governance score 0.554 0.0664 0.36 0.84

Table 2   Descriptive statistics for regression variables—Sample 2

This table provides the descriptive statistics of the examined vari-
ables representing 182 firms during the period 2009 to 2015, based 
on 855 observations. Rating is the long-term issuer credit ratings 
compiled by JCRA transformed to an ordinal scale that ranges from 
1 to 8. Overall ESG score represents Sustainalytics’ ESG Rating of a 
company’s overall ESG performance on a scale of 1–100 expressed 
as percentage.

Variable Mean Median SD

Rating 6.70 7.00 0.72
Overall ESG score 0.5648 0.56 0.0706
Size 4.04 4.02 0.44
Coverage ratio 77.82 9.95 553
Margin 6.94 5.82 6.44
Leverage ratio 22.28 19.14 15.05
Capital intensity ratio 41.44 36.97 20.63

5  See Attig et al. (2013), Blume et al. (1998), Bhojraj and Sengupta 
(2003), Mansi et al. (2004), and Ashbaugh-Skaife et al. (2006).
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variables for Sample 1. The mean Tobin’s Q, ROA and 
ROE are 1.31, 3.80% and 7.11%, respectively. With respect 
to ESG scores, the sample has a mean overall ESG score 
of 0.56, while the mean E score, S score and G score are 
0.60, 0.53 and 0.55, respectively. These scores are reflec-
tive of the CSR awareness and integration within firms 
in Japan. Table 2 provides summary descriptive statistics 
for Sample 2. The mean credit rating of the firms in the 
sample (out of a scale of 1 to 8) is 6.7 and the mean overall 
ESG score is 0.56.

Methodology

Here are the main hypotheses that will be tested in our paper. 
Without loss of generality, we denote by SCORE one of 
the following Sustainalytics’ ESG scores: overall ESG, the 
disaggregated E, the disaggregated S or the disaggregated G.

We test the significance of the relationship between the 
CSR and CFP based on the following hypothesis:

Hypothesis 1  Firms that implement CSR initiatives as meas-
ured by SCORE experience a significant change in their 
financial performance.

For the relationship between the CSR and credit ratings, 
we formulate the null hypothesis to test for the positive 
direction suggested by previous empirical studies:

Hypothesis 2  Firms that implement CSR initiatives as meas-
ured by SCORE experience a significant and positive change 
in their credit rating.

Estimation Models for CFP

First, the relationship between CSR and CFP using both 
accounting measures (ROA and ROE) and the stock mar-
ket-based (Tobin’s Q) measure is tested using a two-way 
fixed-effects pooled regression model after controlling for 
the four key financial variables (in lagged terms as proxies 
for size, leverage, cash holdings and price-to-book ratio) and 
Beta. The model specification takes into account both fixed 
industry and time effects by including 36 and six industry 
and time dummy variables, respectively. Considering that 
overall ESG scores may hide confounding effects of the dif-
ferent dimensions of CSR, this study also looks into both 
the overall ESG scores and the disaggregated ESG scores, 
namely the E score, S score and G score. For each CFP 
proxy (Tobin’s Q, ROA and ROE) as the dependent variable, 
we estimate the following model in Eq. (1) using pooled 
OLS and quantile regression estimation methods:

where Tobin’s Q is the ratio of the market value of a 
firm to the replacement cost of the firm’s assets (extracted 
from Bloomberg); ROA is Return on Assets (extracted from 
Bloomberg) computed as the trailing 12 months net income 
divided by the average of the beginning and ending balance 
of total assets for each financial year; ROE is Return on 
Equity (extracted from Bloomberg) computed as the trail-
ing 12 months net income divided by the average of the 
beginning and ending balance of total common equity for 
each financial year; ESG is a measure of a firm’s sustain-
ability performance based on respective overall ESG, E, S 
and G scores (extracted from Sustainalytics’ ESG Rating 
database); Sales is the logarithm of total sales in US dollars 
(US$ millions converted at the prevailing exchange rate at 
the end of each fiscal year); Cash is the logarithm of cash 
and marketable securities (millions converted at the prevail-
ing exchange rate at the end of each fiscal year); Leverage is 
the leverage ratio as measured by the ratio of long-term debt 
to total assets; price-to-book ratio (PTB ratio) is the ratio of 
a stock’s market value over its book value as at each fiscal 
year end; Beta is the measure of the firm’s systematic risk 
(extracted from Bloomberg) and is computed based on the 
regression of the historical trading prices of the stock using 
weekly data over a two-year period; ID is the respective 
industry dummy variable which reflects the industry seg-
ments provided by Sustainalytics’ ESG Rating database, and 
ID denotes the year dummy variable to reflect the respective 
fiscal year of the financial data.

We also investigate whether the CFP differs across quan-
tiles of the conditional distribution by employing a quantile 
regression analysis. We briefly explain the main idea behind 
the quantile regression model introduced by Koenker and 
Bassett (1978) as an extension of the conditional mean esti-
mation to prediction of conditional quantile for the depend-
ent variable as functions of the independent variables.

If we denote the dependent variable by Y  with its distri-
bution function FY and the quantile position by � ∈ (0, 1) , 
then the quantile function for the � th quantile is defined as 
qY (�) = F−1

Y
(�) = inf{Y ∶ FY (Y) ≥ �} . This can be inter-

preted as following: 100� th% of the probability mass of Y  
is below qY (�).

Each quantile of the conditional distribution of the 
response variable is expressed as a function of the observed 
explanatory variables. Considering the following quantile 
family � = {0.1, 0.3, 0.5, 0.7, 0.9} , the quantile analysis com-
prises five regression equations

(1)

CFPit = � + �1ESGi,t−1 + �2Salesi,t−1 + �3Leveragei,t−1 + �4Cashi,t−1

+�5PTBi,t−1 + �6Betai,t−1 +

36
∑

k=1

akIDik +

6
∑

j=1

bjTDij + �it
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where  �� and �j� are estimated by minimizing a spe-
cial objective function equal to the sum of asymmetrically 
weighted absolute residuals (see Koenker and Hallock 2001) 
and not by the OLS method. The group of explanatory vari-
ables is the same as in Eq. (1).

The quantile regression allows us to measure potentially 
changing impact levels of the same explanatory variables 
as in Eq. (1), on different segments of the distribution of the 
dependent variable. While the OLS regression analysis pro-
vides a best-fit methodology for the mean of the dependent 
variable, the quantile regression provides a best fit for a spe-
cific quantile of the distribution around that mean value. By 
employing the quantile regression, we avoid some of the issues 
present within standard OLS regression, more specifically the 
influence of outliers and dependence on assumptions regarding 
the residuals. We keep the same set of dependent variables as 
in the pooled regression and the same treatment to the vari-
ables by standardizing them.

For the study on CSR, we examine in a first stage the impact 
of overall ESG score on credit ratings after controlling for 
the five key financial variables that are known to affect credit 
ratings. A probit regression model is used given the ordinal 
(discrete) nature of the dependent variable (Credit Rating) in 
line with prior research. This regression approach is used to 
test whether information on CSR activities (measured by over-
all ESG score), distinct from information considered by rating 
agencies, can have explanatory power on a company’s credit 
ratings. In a second stage, we extend the analysis by including 
dummy variables to measure industry and year fixed effects:

where CR refers to the credit rating of the company, Size is 
the logarithm of total assets in US dollars (millions converted 
at the prevailing exchange rate at the end of each quarter), 
Coverage ratio is the ratio of earnings before interest and 
taxes divided by interest expense (EBIT/Interest), Margin is 
the operating profit margin (the ratio of operating income to 
sales), Leverage ratio is the ratio of long-term debt to total 
assets, Capital intensity is the ratio of net fixed assets to total 
assets and ESG, Leverage, Beta, ID and YD variables have 
been previously defined for Eq. (1).

Yi� = �� +
∑

j

�j�Xij + �i�

(2)

probit(CRit) = � + �1ESGi,t−1 + �2Sizei,t−1 + �3Coveragei,t−1 + �4Margini,t−1

+�5Leveragei,t−1 + �6Capital intensity + �7Betai,t−1+

+

[

32
∑

k=1

akIDik +

6
∑

j=1

bjTDij

]

+ �it

Empirical results

CSR–CFP empirical results

We measure the impact of CSR on three metrics of CFP 
(Tobin’s Q, ROA and ROE) using OLS and quantile regres-
sion models. Given that the optimization algorithms involved 
in the estimation of the two types of regression are different, 
the estimation results are not directly comparable. However, 
the new insights provided by the quantile regression are of 
great value as they suggest relationships of different intensity 
and sometimes of a different direction between the examined 
variables, when compared with the results from the pooled 
OLS regression approach. We collate the results of both types 
of models in Tables 3, 4 and 5 for Tobin’s Q, ROA and ROE, 
respectively. Each table contains four panels corresponding to 
the aggregate ESG score and the three individual pillars E, S 
and G. All the control variables (Sales, Cash, Leverage, PTB 
ratio, and Beta) were initially included in the OLS regressions 
to ascertain whether they are potential predictors. The OLS 
regression results present the estimates of the final specifica-
tion after the elimination of the insignificant (5%) covariates, 
such as Cash and/or Sales.

To address year and industry effects, dummy variables are 
assigned to the different fiscal years (from 2010 to 2016) and 
the different industry sector (see per industry breakdown in 
“Appendix B”). The pooled regressions were initially esti-
mated without considering the year and industry effects. 
With inclusion of year and industry effects, the R-squared 
generally increased across the different models. The results 
between the two estimation methods are in general consistent 

in the case of the two accounting measures ROE and ROA, 
and less convergent when CFP is measured by Tobin’s Q 
ratio.

For the Tobin’s Q measure as the dependent variable 
(Table 3), the effect of the overall ESG score estimated by 
the OLS regression is small and positive (0.038) and signifi-
cant at the 5% level of significance. These findings (positive 
relationship between ESG and Tobin’s Q) are in line with the 
majority of the literature. The rationale often used in support 
of CSR improving firm value rests on increased transparency 
that mitigates information asymmetry between investors and 
the firm, leading to positive outcomes such as better access 
to capital.
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The evidence provided by the quantile regression indi-
cates that the coefficients are very small and statistically 
insignificant across all quantiles.

When we disentangle the overall ESG score into its three 
individual components E, S and G, the main driving fac-
tors suggested by the OLS estimation are G and S, while 
none of them is significant across all quantile levels. Other 
divergent effects are present for the control variable Cash, 
as it is insignificant according to the OLS estimation, but 
with a clear trend from negative to positive effect across the 
quantiles in all regressions. The effects of other three control 
variables are consistent between the two estimation methods, 

being significant and positive for PTB and Beta, and nega-
tive for Leverage. Moreover, the quantile analysis reveals 
a positive trend in magnitude, as the impact of these three 
variables on Tobin’s Q ratio intensifies as we move towards 
a higher quantile. Therefore, for the Tobin’s Q case based on 
the OLS regression results, we accept Hypothesis 1 for ESG, 
S, and G pillars while we reject this hypothesis for the Envi-
ronment pillar of the ESG. This confirms previous findings 
(see Bouslah et al. 2010) on the environmental performance 
suggesting that financial markets have not yet priced in the 
benefits of such practices. The quantile analysis rejects all 

Table 3   Estimation results CSR–CFP (Tobin’s Q) relationship

The four panels of this table report the OLS pooled and quantile regression results for Tobin’s Q (dependent variable) on overall ESG score and 
the three individual Pillars (Environment Score, Social Score and Governance Score) for Japan (***p < 0.01; ** p < 0.05; * p < 0.10).

Regression Pooled regression Quantile regression

Coefficients OLS 0.1 0.3 0.5 0.7 0.9

Intercept − 0.038 − 0.340*** − 0.177*** − 0.081*** 0.025 0.219***
ESG 0.038** − 0.007 0.007 − 0.001 − 0.005 − 0.016
Sales − 0.079*** 0.040*** − 0.012 − 0.024*** − 0.038*** − 0.062***
Leverage − 0.169*** − 0.001 − 0.027*** − 0.039*** − 0.046*** − 0.042**
Cash – − 0.019** 0.018** 0.022** 0.035*** 0.057***
PTB 0.813*** 0.311*** 0.528*** 0.695*** 0.835*** 1.144***
Beta 0.089*** 0.022** 0.031*** 0.040*** 0.052*** 0.069***

Coefficients OLS 0.1 0.3 0.5 0.7 0.9

Intercept − 0.35 − 0.334*** − 0.175*** − 0.081*** 0.027 0.216***
E 0.018 − 0.009 0.01 0 − 0.005 − 0.015
Sales − 0.070*** 0.043*** − 0.012 − 0.026*** − 0.039*** − 0.062***
Leverage − 0.170*** − 0.003 − 0.028*** − 0.039*** − 0.046*** − 0.047***
Cash – − 0.021** 0.017** 0.022*** 0.036*** 0.056***
PTB 0.813*** 0.318*** 0.531*** 0.695*** 0.834*** 1.13***
Beta 0.900*** 0.022** 0.032*** 0.040*** 0.052*** 0.068***

Coefficients OLS 0.1 0.3 0.5 0.7 0.9

Intercept − 0.03 − 0.341*** − 0.178*** − 0.080*** 0.024 0.218***
S 0.028** − 0.002 0.005 − 0.002 − 0.005 − 0.011
Sales − 0.072*** 0.038*** − 0.011 − 0.024** − 0.039*** − 0.059***
Leverage − 0.168*** − 0.003 − 0.028*** − 0.039*** − 0.045*** − 0.046**
Cash – − 0.020** 0.016*** 0.021*** 0.035*** 0.056***
PTB 0.811*** 0.315*** 0.523*** 0.695*** 0.836*** 1.143***
Beta 0.089*** 0.023** 0.032*** 0.039*** 0.053*** 0.068***

Coefficients OLS 0.1 0.3 0.5 0.7 0.9

Intercept − 0.002 − 0.337*** − 0.177*** − 0.082*** 0.035 0.247***
G 0.042*** 0.002 0.003 0.001 0.009 0.006
Sales − 0.075*** 0.038*** − 0.01 − 0.026*** − 0.044*** − 0.062***
Leverage − 0.170*** − 0.001 − 0.028*** − 0.039*** − 0.044*** − 0.050**
Cash – − 0.020** 0.017*** 0.023*** 0.038*** 0.052***
PTB 0.814*** 0.315*** 0.529*** 0.695*** 0.831*** 1.145***
Beta 0.090*** 0.023*** 0.032*** 0.040*** 0.051*** 0.069***
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four hypotheses, indicating that there is no significant impact 
of the ESG efforts at both aggregate and individual levels.

When ROA is used as a proxy for CFP, the empirical 
results from the two types of regression seem to reconcile, 
but only at the extremal quantiles (see Table 4). The general 
conclusion is that the overall ESG and individual E and S 
scores have a negative impact on the ROA measure. The dif-
ference between the two regression types concerns the Gov-
ernance pillar, which is insignificant in the OLS analysis and 
negative and significant in the quantile regression at the 0.9 
quantile. This particular pattern is observed across the quan-
tiles also in the coefficient estimates for the overall ESG and 

the individual E and G pillars. In other words, companies 
with the highest ROA seem to be at a financial disadvan-
tage if they try to satisfy the ESG criteria. Moreover, for the 
Social pillar the observed effect is more complex, exhibiting 
a nonlinear dependence. More specifically, although like in 
Barnett and Solomon (2012) we find that the ESG–CFP rela-
tionship (through the S pillar) has a U shape, in our study it 
is an inverse shape as the negative effect intensifies at both 
extremal quantiles. According to the OLS analysis, among 
the individual pillars, the Environmental pillar has the most 
negative impact (− 0.057) which is higher than the aggregate 
ESG effect (− 0.045). For the quantile analysis, the driving 

Table 4   Estimation Results CSR–CFP (ROA) Relationship

Note: The four panels of this table report the OLS pooled and quantile regression results for ROA (dependent variable) on overall ESG score and the 
three individual pillars (Environment Score, Social Score and Governance Score) for the Japan. Countries (***p < 0.01; ** p < 0.05; * p < 0.10).

Regression Pooled regression Quantile regression

Coefficients OLS 0.1 0.3 0.5 0.7 0.9

Intercept 0.154* − 0.637*** − 0.202*** 0.036 0.236*** 0.607***
ESG − 0.045** − 0.046 0.004 0.005 − 0.031* − 0.108***
Sales − 0.079*** − 0.051 − 0.095*** − 0.074*** − 0.065*** − 0.04
Leverage − 0.364*** − 0.196*** − 0.224*** − 0.245*** − 0.249*** − 0.267***
Cash – − 0.075* 0.012 0.049*** 0.075*** 0.065***
PTB 0.444*** 0.249*** 0.392*** 0.523*** 0.616*** 0.824***
Beta 0.055*** 0.053* 0.021 0.029** 0.033** 0.044***

Coefficients OLS 0.1 0.3 0.5 0.7 0.9

Intercept 0.175** − 0.664*** − 0.201*** 0.033 0.249*** 0.649***
E − 0.057** − 0.003 0.01 0.008 − 0.029 − 0.063*
Sales − 0.077*** − 0.062* − 0.099*** − 0.073*** − 0.064*** − 0.054*
Leverage − 0.362*** − 0.217*** − 0.223*** − 0.245*** − 0.253*** − 0.274***
Cash – − 0.102*** 0.014 0.045** 0.076*** 0.078***
PTB 0.442*** 0.248*** 0.392*** 0.523*** 0.607*** 0.870***
Beta 0.055*** 0.051* 0.021 0.028** 0.030** 0.047***

Coefficients OLS 0.1 0.3 0.5 0.7 0.9

Intercept 0.146* − 0.690*** − 0.198*** 0.038 0.243*** 0.635***
S − 0.040* − 0.067** 0.004 0.006 − 0.017 − 0.074***
Sales − 0.086*** − 0.041 − 0.094*** − 0.075*** − 0.074*** − 0.071***
Leverage − 0.366*** − 0.178*** − 0.224*** − 0.246*** − 0.249*** − 0.258***
Cash – − 0.088** 0.009 0.047*** 0.074*** 0.076***
PTB 0.446*** 0.248*** 0.392*** 0.522*** 0.614*** 0.843***
Beta 0.056*** 0.033 0.021 0.029** 0.036*** 0.042***

Coefficients OLS 0.1 0.3 0.5 0.7 0.9

Intercept 0.143* − 0.674*** − 0.213*** 0.022 0.228*** 0.649***
G 0.018 − 0.025 − 0.013 − 0.005 − 0.015 − 0.047**
Sales − 0.103*** − 0.065* − 0.086*** − 0.067*** − 0.075*** − 0.076***
Leverage − 0.364*** − 0.215*** − 0.224*** − 0.248*** − 0.247*** − 0.272***
Cash – − 0.091** 0.009 0.047*** 0.074*** 0.076***
PTB 0.444*** 0.246*** 0.388*** 0.522*** 0.609*** 0.869***
Beta 0.055*** 0.052* 0.022* 0.031** 0.030** 0.048***
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individual factor is the Social one (− 0.067 at the 0.1 quan-
tile and − 0.074 at the 0.9 quantile). The Leverage and PTB 
covariates have a consistent positive trend across the quan-
tiles with both negative and positive effects that intensify as 
the quantile level increases. The results concerning the Cash 
control variable show an insignificant coefficient in the OLS 
regression and a significant changing sign from negative to 
positive in the quantile regression. The results of the quan-
tile regression are more realistic as they correctly identify 
that companies with an inferior financial performance do 
not benefit from increasing their cash position, while well-
performing firms do. According to both regressions, we 

accept Hypothesis 1 at the 10% level of significance for the 
ESG, E and S scores. Hypothesis 1 of a significant relation-
ship between CSP and CFP through the Governance pillar is 
rejected for the OLS regression, but accepted for the quantile 
regression at the 0.9 quantile.

When CFP is measured by ROE, the results are similar 
to those when employing ROA. The evidence presented in 
Table 5 shows that the OLS regression results are mixed, as 
the relationship between ROE and CSR is negative and signif-
icant (at the 1% level) at the aggregate ESG level and S pillar 
level, insignificant for the G score and positive and significant 
for E score. The coefficients for ESG and S scores are about 

Table 5   Estimation Results CSR–CFP (ROE) Relationship

Note: The four panels of this table report the OLS pooled and quantile regression results for ROE (dependent variable) on overall ESG score and the 
three individual pillars (Environment Score, Social Score and Governance Score) for the Japan. Countries (***p < 0.01; ** p < 0.05; * p < 0.10).

Regression Pooled regression Quantile regression

Coefficients OLS 0.1 0.3 0.5 0.7 0.9

Intercept 0.178* − 0.422*** − 0.091*** 0.100*** 0.278*** 0.563***
ESG − 0.097*** − 0.056* − 0.021** − 0.019** − 0.024** − 0.060***
Sales – 0.004 0.043*** 0.068*** 0.087*** 0.134***
Leverage − 0.192*** − 0.157*** − 0.060*** − 0.028*** − 0.001 0.042*
Cash – − 0.042 − 0.035** − 0.022* − 0.01 − 0.01
PTB 0.227*** 0.184*** 0.290*** 0.386*** 0.463*** 0.576***
Beta 0.063*** 0.024 0.017* 0.026*** 0.028*** 0.058***

Coefficients OLS 0.1 0.3 0.5 0.7 0.9

Intercept 0.214** − 0.392*** − 0.082*** 0.111*** 0.284*** 0.586***
E 0.107*** − 0.029 − 0.014 − 0.014* − 0.013 − 0.038***
Sales − 0.103*** − 0.005 0.040*** 0.062*** 0.083*** 0.119***
Leverage 0.188*** − 0.172*** − 0.061*** − 0.032*** − 0.003 0.049**
Cash – − 0.037 − 0.035*** − 0.018 − 0.014 − 0.009
PTB 0.222*** 0.194*** 0.291*** 0.378*** 0.461*** 0.580***
Beta 0.063*** 0.033 0.020** 0.028*** 0.027*** 0.059***

Coefficients OLS 0.1 0.3 0.5 0.7 0.9

Intercept 0.159 − 0.444*** − 0.099*** 0.099*** 0.277*** 0.538***
S − 0.086*** − 0.071** − 0.014 − 0.012 − 0.018* − 0.049***
Sales – 0.026 0.035*** 0.067*** 0.082*** 0.132***
Leverage − 0.199*** − 0.152*** − 0.055*** − 0.028*** 0 0.047**
Cash – − 0.052 − 0.031** − 0.024** − 0.011 − 0.016
PTB 0.234*** 0.188*** 0.290*** 0.384*** 0.463*** 0.572***
Beta 0.064*** 0.014 0.019* 0.028*** 0.030*** 0.052***

Coefficients OLS 0.1 0.3 0.5 0.7 0.9

Intercept 0.137 − 0.398*** − 0.078*** 0.103*** 0.268*** 0.540***
G 0.006 − 0.03 − 0.020** − 0.022*** − 0.023*** − 0.048***
Sales – − 0.007 0.037*** 0.070*** 0.088*** 0.115***
Leverage − 0.204*** − 0.170*** − 0.061*** − 0.036*** − 0.003 0.042*
Cash − 0.059** − 0.046 − 0.031** − 0.025** − 0.015 0.004
PTB 0.231*** 0.195*** 0.295*** 0.387*** 0.461*** 0.590***
Beta 0.061*** 0.037 0.021** 0.031*** 0.028*** 0.059***
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− 0.1 and are higher than the regression results for ESG and 
ROA. However, the R-squared values are lower at about 14%.

Moving to the quantile regression, the results are consist-
ent across all four regression models, with a negative and 
significant impact of all ESG scores, at both aggregate and 
individual levels. The ESG overall effect and the Govern-
ance effect are uniformly spread across the quantiles, while 
the Environment and Social pillars have a significant impact 
only at the extremal quantiles, 0.1 and 0.9, respectively. 
Again, the concave U-shape pattern is clearly present in the 
Social component, an effect that still exists but diminishes 
for the overall ESG score. This suggests that we should dif-
ferentiate between the three types of ESG screening as they 
interact and contribute in their specific way to the overall 
ESG effect. With regard to the control variables, Leverage 
is predominantly negatively correlated with CFP, while for 
Sales, Beta and Cash holdings, the correlation results pro-
duce mixed evidence of significant results. In the case of 
price-to-book ratios, the relationship with all measures of 
CFP is positive and significant. For both estimation methods, 
we accept Hypothesis 1 for ESG, E, and S, whereas the same 
hypothesis for the G pillar is rejected in the case of the OLS 
regression but it is accepted based on the quantile regression.

The two regression analyses above present us with vari-
ous results evidenced by the CSP-CFP literature: negative, 
positive or no significant relationship. There are several 
potential reasons for these findings.

First, CSR expenses have the potential to drain the firm’s 
resources and reduce its immediate cash flows and profit-
ability as evidenced by the negative impact on ROA and 
ROE. Second, this general lack of a significant positive rela-
tionship between ESG and CFP possibly occurs because the 
companies earmark part of their investments for environ-
mental practices, thereby failing to allot them to the compa-
nies’ profitable activities. This, in turn, could stem from the 
relatively higher costs of CSR expenditures to comply with 
government- and nongovernment-imposed corporate ESG 
disclosures guidelines.

However, the results from the pooled regressions show 
that there is a gain in firm value as measured by Tobin’s Q 
from CSR efforts (based on overall ESG scores and disag-
gregated ESG scores). This positive and significant relation-
ship shows that better alignment of corporate strategies with 
social responsibility initiatives may generate higher levels 
of firm value observed in the data. Nguyen et al. (2017) 
also find that positive valuation interaction between CSR 
and shareholder value is not driven by higher profitability 
but by lower cash flow risk—via better stakeholders’ rela-
tions, lower likelihood of legal actions and greater customer 
loyalty. Moreover, the long-term benefits of CSR efforts 
(improving probability of survival, lengthening the longevity 
of its cash flows or lowering its cost of capital) can outweigh 
the costs and improve market value.

The lack of a statistically significant relationship could 
be partially attributable to mandatory regulations in place 
for ESG so that the market does not reward CSR efforts. 
According to the Global Guide to Responsible Investment 
Regulation (PRI 2016) which laid out the Regulation Map 
Summary, Japan appears to have relatively stringent disclo-
sure guidelines.

Overall, our results illustrate various aspects that call 
for more in-depth consideration when one explores how 
CSR initiatives impact a firm’s financial performance. The 
empirical evidence shows that the relationship between CSP 
and CFP may depend on the proxy we use for CFP. We may 
invoke here a temporality issue, as market-based measures 
(Tobin’s Q) are long-term metrics, while the accounting 
measures (ROA and ROE) are short term. We bring new 
empirical evidence that different estimation methods can 
yield contradictory conclusions with significant long-term 
consequences for all the stakeholders. The consistency of 
the results produced by the quantile regression makes this 
technique superior to the OLS estimation and allows us to 
form a conclusion that supports a negative CSR effect on the 
financial performance of Japanese firms.

CSR‑Credit Ratings Empirical Results

The results of the ordered probit regression are presented in 
Table 6. There are four regression models corresponding to 
the second hypothesis, where the target covariates are overall 
ESG, E, S and G scores, respectively.

Table 6   Probit Regression results on the effect of overall total score 
and individual pillar scores on credit ratings

This table presents results of ordered probit regressions of compa-
nies’ credit ratings with the Overall ESG scores and individual pillar 
scores as the target independent variables, respectively. Based on one-
tail test, ***, ** and * denote statistical significance at 0.1%, 1% and 
5% levels respectively

Overall ESG E S G

Overall ESG 
score

0.048*** – – –

E score – 0.032*** – –
S score – – 0.020*** –
G score – – – 0.036***
Size 0.607*** 0.597*** 0.765*** 0.771***
Coverage ratio 0.001** 0.001* 0.001** 0.001*
Margin 0.052*** 0.050*** 0.045*** 0.045***
Leverage ratio − 0.025*** − 0.024** − 0.029*** − 0.029***
Capital inten-

sity ratio
0.0361*** 0.038*** 0.035*** 0.034***

Beta 0.003 0.002 0.003** − 0.002
Pseudo-R-

squared
7.76% 7.87% 7.05% 7.27%
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The results indicate that Hypothesis 2 is supported. The 
effect of the overall ESG score on credit ratings is posi-
tive and statistically significant at the 1% level, which is 
consistent with most previous studies. The evidence sug-
gests that firms with higher overall ESG scores enjoy bet-
ter credit ratings. The estimation results also show that the 
individual E, S and G scores are positively correlated with 
credit ratings, supporting the risk mitigation view (positive 
association between CSR activities and credit ratings) over 
the agency view (negative relationship between CSR activi-
ties and credit ratings).

For the control variables, the coefficient for the size vari-
able is positive and significant at the 0.1% level, confirming 
that larger firms seem to have lower risk of default. Like-
wise, for the Margin variable, the operating margin is posi-
tively correlated with ratings because higher profitability is 
associated with lower default risk. For the coverage ratio, the 
correlation is weak—higher interest coverage is positively 
correlated with ratings only at the 10% level. The estimated 
coefficient on the Leverage ratio is negative as firms that 
have higher debt have lower credit ratings or higher default 
probability. A positive coefficient for Capital Intensity is 
consistent with expectations that companies with greater 
capital intensity present lower risk to debt providers, and 
thus they are expected to have higher credit ratings. For 
Beta, there are no significant results.

These results support the risk mitigation view and suggest 
that there is a significant relationship between credit ratings 
and both overall ESG score (which is an aggregation of dif-
ferent pillars of ESG), as well as scores of the disaggregated 
pillars of ESG for the Japanese companies in our sample.

Industry and Year Effects

To obtain a further understanding of the relationship 
between credit ratings and ESG scores, we augment the 
analysis by considering year effects and industry effects. 
Dummy variables are assigned to the different fiscal years 
(from 2009 to 2015) and the different industry sectors (as 
per industry breakdown in “Appendix B”).

Table 7 presents results of probit regressions of com-
panies’ credit ratings on the overall ESG scores and indi-
vidual pillar scores for Hypothesis 2 with the addition of 
these dummy variables. Compared to the results reported in 
Table 6, the overall ESG scores as well as the E and G scores 
are positively correlated with credit ratings, but the effects 
of the S scores on credit ratings are not statistically signifi-
cant after taking into account industry and year effects. The 
positive correlation found between the individual E and G 
scores and credit ratings in this study survives this robust-
ness check and suggests that heightened efforts on environ-
ment and governance issues would have a statistically signif-
icant impact on credit ratings. This is particularly pertinent 

Table 7   Probit regression 
results on the effect of overall 
ESG score and individual scores 
on credit ratings including 
Industry and Year Effects

This table presents results of ordered probit regressions of companies’ credit ratings with the overall ESG 
scores and Individual pillar scores as the target independent variables and double fixed effects. Based on 
one-tail test, ***, ** and * denote statistical significance at 1%, 5% and 10% levels, respectively

Overall ESG E S G

Overall ESG score 0.069*** – – –
E score – 0.061*** – –
S score – – 0.010 –
G score – – – 0.053***
Size 1.021*** 0.896*** 1.335*** 1.152***
Coverage ratio 0.000 0.000 0.000 0.000
Margin 0.065*** 0.071*** 0.054*** 0.054***
Leverage ratio − 0.068*** − 0.065*** − 0.072*** − 0.076***
Capital intensity ratio 0.061*** 0.058*** 0.058*** 0.060***
Beta 0.004 0.000 0.008 0.002
Industry effects Yes Yes Yes Yes
Year effects Yes Yes Yes Yes
Pseudo-R squared 20.45% 21.34% 19.37% 19.99%
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considering that approximately 36% of the sample is from 
environmentally sensitive industries (the top four industries 
in the sample—Transportation, Chemicals, Food Products 
and Utilities). These results emphasize again the importance 
of disaggregating the overall ESG scores which may, on an 
aggregate basis, hide confounding effects among the dif-
ferent pillars of CSR. The coefficients for Size, Margin and 
Capital Intensity are all positive and significant except for 
coverage ratio and Beta with no significant results). Con-
versely, the estimated coefficient on the Leverage ratio 
remained negative.

With the inclusion of year and industry effects, Hypoth-
esis 2 is supported for ESG, E and G, while it is rejected for 
the S pillar. The R-squared increased to above 20% com-
pared to the R-squared of the results without taking into 
account industry and year effects (of about 7%).

The results illustrate that credit ratings have implicitly 
considered CSR strengths and weaknesses in addition to 
financial parameters. While firms with more CSR engage-
ment are generally exposed to a lower degree of risk or better 
credit ratings, these findings isolate the two pillars (E and G) 
in ESG that impact credit ratings. These results are in line 
with those of Ashbaugh-Skaife et al. (2006) who present 
evidence that firms exhibiting stronger corporate govern-
ance (with attributes such as higher degree of financial trans-
parency, board independence, board expertise and the like) 
benefit from higher overall firm credit ratings. Similarly, Ge 
and Liu (2015) report that bondholders are more likely to 
use CSR performance information to assess the creditworthi-
ness of issuers with weaker corporate governance and those 
operating in environmentally sensitive industries.

Conclusions

The OLS estimation results suggest a positive impact 
of aggregated CSR on CFP (as measured by Tobin’s Q), 
while there is significant evidence of a negative correlation 
between CSR and CFP (as measured by ROA and ROE). 
Although the empirical evidence from the quantile regres-
sion analysis is in general similar to the OLS results, the 
negative association is present across all three proxies con-
sidered for CFP, including the Tobin’s Q measure. These 
findings support the agency theory that the managers of 
nonfinancial Japanese companies consider as their main 
target the maximization of shareholders’ wealth, a pattern 
also prevailing among nonfinancial Chinese companies (see 
Farag et al. 2015). Moreover, we have identified a pattern 

of significance, as the negative ESG impact seems to exist 
and intensify only across the extremal quantiles, especially 
at the 0.9 percentile level.

These findings support the potentially nonlinear charac-
teristic of the CSR–CFP relationship suggested by Sahut 
and Pasquini-Descomps (2015). Our analysis across quan-
tiles shows that for Japanese companies with medium 
financial performance there is no evidence of a significant 
ESG impact, while companies in a strong and sometimes 
weak financial position are negatively affected by increas-
ing efforts with respect to ESG practices. At a disaggre-
gated level, the results differ between the two estimation 
techniques and across the CFP measures. When accounting 
measures are considered, the quantile analysis indicates that 
the Social and Governance factors are the main driving fac-
tors while the OLS results explain the ESG impact through 
the environmental factor. However, when the market meas-
ure Tobin’s Q is employed as a proxy for CFP, the impact of 
each individual factors is insignificant across all quantiles, 
while the OLS analysis suggests the Governance factor is 
significant. The divergence of our results highlights the 
importance of acknowledging the difference between mar-
ket and accounting measures, and implicitly their possible 
differential effect on CFP of a firm.

With respect to firms’ credit ratings, the results from the 
probit model provide evidence of a positive impact of CSR 
on credit ratings in Japan at the aggregated level; on a dis-
aggregated basis, we observe some divergence among the 
three pillars as there is a significant and positive effect on 
credit ratings based on the E and G pillars of CSR, but not 
the social pillar. Firms with stronger corporate governance 
and viewed as environmentally friendly are associated with 
better credit ratings, while the social pillar has less impact 
in the consideration of creditworthiness of issuers.

Appendix A

See Table 8.

Table 8   The constituents used in calculating the Sustainalytics’ indi-
vidual ESG scores

Environmental Social Governance

Operations Employees Business Ethics
Supply Chain Supply Chain Corporate Governance
Products and Services Customers Public Policy

Community and 
Philanthropy
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Appendix B

See Table 9.
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Abstract
We analyse the existence of a green bond premium and find a negative premium of 8 to 14 basis points. We are further 
interested in the influence of ESG ratings on green bonds to determine if investors differentiate between the shade of green. 
Examining a unique dataset of green bonds, we find a statistically significant influence of ESG ratings on bond spreads. A 
one-point increase in the weighted average ESG score leads to a decrease in the spread of 6 to 13 basis points. Interestingly, 
the results are not driven by the environmental friendliness of the green bond issuer, but through the company’s governance.

Keywords  Green bonds · ESG ratings · Green bond premium · Governance
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Introduction

A few years ago, green bonds were mainly issued by gov-
ernment-related or supranational development banks. Green 
bonds are securities, whose proceeds are used to support 
climate-related or environmental projects. During the last 
years, more and more corporates have started to issue green 
bonds, as well, followed by governments who discovered 
this asset class. While there have been many constructive 
developments in this segment, not all have been perceived 
positively. The accusation of greenwashing is omnipresent, 
and the “true greenness” of green bonds is regularly dis-
cussed (see, e.g., Laufer 2003; Wu et al. 2020). One reason 
for this uncertainty is that green bonds are usually issued 
with a credit rating but provide additionally environmental, 
social and governance (ESG) ratings only on a voluntary 
basis. We focus on this ESG rating information and examine 
the influence of ESG aspects on the pricing of green bonds, 
specifically the bond spread.

The potential existence of a (negative) green bond pre-
mium has been analysed by manifold studies in the past 

(e.g., Hachenberg and Schiereck 2018; Zerbib 2019), but the 
results are mixed. The green bond premium is defined as the 
incremental yield investors receive for holding a green bond 
over its equivalent non-green counterpart. The non-green 
counterpart is often referred to as a conventional or brown 
bond and implies no specific use of proceeds. Hence, the 
bonds we analyse are exclusively green or brown. Therefore, 
we define the bonds we analyse as either green or brown. In 
a first step, we test if a green bond premium can be found 
using a similar approach as Preclaw and Bakshi (2015). 
In a second step, we analyse the influence of ESG ratings 
on green bond pricing. We define the directional effect as 
dependence of the green bond premium on the existence of 
the ESG rating. ESG ratings are based on issuer level and 
graded on a scale. If the company’s shade of green matters 
for the pricing of green bonds, the (negative) premium is 
expected to be larger for higher ESG ratings. We define this 
as the magnitude effect. As shades of green (or brown) are 
hardly the subject of investigations in green bond studies, 
we contribute to the existing literature on green bonds and 
fill a niche examining the greenness of the bond. Finally, as 
ESG ratings are a composition of E, S and G criteria, it is 
obvious to test which of these criteria are the main drivers 
of the green bond premium. We define this as the composi-
tion effect.

The rest of the paper is structured as follows. The next 
section provides a literature review and develops our hypoth-
eses. “Data and methodology” section presents the data and 
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methodology used. “Empirical results” section documents 
the empirical results, and “Conclusion” section concludes 
the paper and outlines possible areas of future research.

Sample literature review and hypothesis 
development

ESG has been the subject of research for many years now, 
however, not necessarily using the term ESG. Research on 
topics such as corporate social responsibility (CSR) or cor-
porate environmental responsibility (CER) goes back more 
than 60 years.

Many studies were published since the 1990s, most of 
them focussing on empirical relationships between corpo-
rate social/environmental responsibility and corporate finan-
cial performance (CFP), which might be due to improved 
data availability (Capelle-Blancard and Monjon 2012). 
The majority of papers find a positive relationship between 
ESG and CFP. The relationship is measured, among others, 
through market-stock prices or accounting measures, e.g., 
return on assets (Schiereck et al. 2019).

Since the pricing of bonds is more complicated and tech-
nical due to the huge variety of bonds (different coupon type, 
maturity, payment rank, callability, etc., see, e.g., Maul and 
Schiereck 2017), we specifically review the literature regard-
ing the pricing of bonds. By analysing 4260 bonds issued 
between 1992 and 2009, Ge and Liu (2015) find that CSR 
performance is associated with better credit ratings and 
lower yield spreads in new corporate bond issues.

The majority of empirical studies investigating green 
bonds focus on the (negative) green bond premium. Panel 
A of Table 1 summarizes the most relevant literature analys-
ing the green bond premium. Zerbib (2019) compares 110 
senior fixed-rate green bonds with their equivalent synthetic 
conventional bonds. He finds a significant negative green 
bond premium of approximately 2 bps. The effect is espe-
cially visible for financials as well as for lower rated bonds. 
For government-related issuers, the effect is not visible on 
a AAA-rating base, but a small negative premium can be 
found for AA-rated issuers.

Hachenberg and Schiereck (2018) also use a matching 
approach in order to avoid heterogeneity among bonds. They 
find that A-rated bonds show a significant negative premium 
of 3.88 bps. Green bonds with different ratings also trade 
tighter than their corresponding brown bonds but without 
statistical significance. The study shows that the only signifi-
cant factors for the “Greenium” are industries and the exist-
ence of an issuer’s ESG rating. Contrary to Zerbib (2019), 
they find that green bonds from government-related compa-
nies trade wider than comparable brown bonds.

Bachelet et al. (2019) show that green bonds have higher 
yields coupled with higher liquidity and are also less volatile 

than their brown correspondents. By investigating the issuer 
breakdown further, the authors determine a difference 
between institutional and private issuers. Green bonds from 
institutions have a negative yield premium and are far more 
liquid than the matching brown bonds. Green bonds from 
private issuers on the other hand have a positive premium 
and do not differ too much in liquidity compared to brown 
ones. Moreover, if the private issuer has no third-party veri-
fication, the premium is significantly higher. Bachelet et al. 
(2019) conclude that institutional investors are able to attract 
large institutional investors as these issuers have transpar-
ency and information rules that lower information asym-
metries. Private issuers can get a similar reputational effect 
when they obtain a green verification from a third party.

Partridge and Medda (2018) run a yield curve analysis 
on a selection of US green-labelled municipal bonds, issued 
at the same time as brown bonds and by the same issu-
ers. Additionally, they use a pair-wise analysis to identify 
potential yield differentials between bonds that are identical 
except for the green label (same issuer, maturity, etc.). For 
both analyses, they find a (negative) green premium in the 
primary as well as in the secondary market. Contrary, Karpf 
and Antoine (2017) find that the green characteristic of a 
green-labelled municipal bond gets penalized through the 
market, as green bonds trade at higher yields than expected 
by their credit profiles.

Preclaw and Bakshi (2015) investigate that a premium 
is being paid by investors in order to acquire green bonds. 
They calculate a spread difference of approximately 20 bps 
between green bonds and ordinary (brown) bonds. They 
quantify this green bond premium using a regression that 
decomposes the OAS-spread into common risk factors like 
credit rating or spread duration and a dummy variable for 
green bonds. Preclaw and Bakshi (2015) use a global credit 
index including corporates as well as government-related 
issuers, which provides the best overlap of constituents with 
the global green bond index.

Using a propensity score matching approach, Gianfrate 
and Peri (2019) find that green bonds are cheaper to issue 
than ordinary bonds. This effect holds even after account-
ing for green certification costs and is larger for corporates. 
This finding is contrary to Kapraun and Scheins (2019) who 
find that green bonds are generally traded at a higher bond 
premium except for green bonds issued by governments and 
supranational institutions.

Summarizing the discussed literature, there is no clear 
consensus about a (negative) green bond premium. There-
fore, the first question we aim to answer is whether a green 
bond premium really exists.

Should this green bond premium exist and confirmed 
to be negative, we must address the concern posed by a 
potential greenwashing effect, i.e., that green bond issuers 
may be attempting to present a misleading impression of 
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their activities and the lack of consistency in audit stand-
ards. We have a number of tools at our disposal including 
the existence of an ESG rating or an external certification 
and we focus our efforts on the former. Testing the depend-
ence of a green bond premium on the existence of an ESG 
rating, called the directional effect, is the subject of stud-
ies from, among others, Polbennikov et al. (2016), Menz 
(2010) and Stellner, Klein and Zwergel (2015). Polbennikov 
et al. (2016) measure slightly lower spreads for corporates 
with higher ESG ratings. This strand of literature is sum-
marized in Panel B of Table 1. Menz (2010) cannot confirm 
that CSP/CEP/ESG is related to lower financing costs. His 
study shows that firms that are labelled socially responsible 
have a higher risk premium than non-socially responsible 
companies.

Stellner et al. (2015) empirically observe the influence 
of CSR on the credit rating and the z-spread. They find only 
weak evidence of unconditional benefits from CSR invest-
ments on the z-spread. But by examining more closely the 
influence of the issuer’s country, they observe that in coun-
tries with above average ESG ratings better CSP perfor-
mance is rewarded with a better rating and a lower spread. 
Additionally, they find that it is beneficial for companies 
to have the same relative ESG rating as the country (above 
average or below average).

Gatti and Florio (2018) investigate the role of the Green 
Bond Principles and a second party review on green bond 
spreads. Using a sample of green bonds issued between 2007 
and 2015, they find that with the introduction of the Green 
Bond Principles in 2014 issues with low credit ratings were 
also able to enter the market.

The certification of green bonds is a field of analysis of 
Bachelet et al. (2019), as well. They extend their study and 
divide their sample of private issuers in certified and non-
certified green bonds. For non-certified issues, they detect 
a positive premium. They conclude that green bonds can 
have a negative premium (lower financing costs) under the 
premise of trust which is either generated through being an 
institution or through green verification. Missing reputation 
or certification will lead to higher financing costs due to the 
investors’ concerns about greenwashing.

Kapraun and Scheins (2019) show similar results analys-
ing the pricing in both primary and secondary markets of a 
sample of more than 1,500 green bonds. For both markets, 
only certain green bonds show lower yields (i.e., negative 
green premium) in comparison with their brown counter-
parts. This applies in particular to issues of government and 
supranational entities, butalso corporate issues when they 
issue at large size. The latter is in contrast to Zerbib (2019). 
Especially for corporate green bonds, a green label, a third-
party verification or a listing on a dedicated green bond 
exchange is decisive in order to be seen as a green bond and 
to generate the negative premium.Ta
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Hachenberg and Schiereck (2018) find that having an 
ESG rating reduces the negative premium (green bonds are 
priced less tight than brown bonds). This might seem sur-
prising at first thought, but they argue that this might be due 
to the fact that ESG-dedicated investors do not necessarily 
need to pick a green bond where the issuer has an ESG rat-
ing in order to conform with their ESG investment policy. 
The ESG rating might allow the investor to simply purchase 
the ordinary bond. By extending this research, we analyse 
further determinants of green bond pricing. Hachenberg 
and Schiereck (2018) compare green bonds with ordinary 
(brown) bonds. We, on the other hand, compare green bonds 
from various issuers with distinct characteristics with each 
other.

Based on the literature, we develop our first hypothesis. 
The assumption of Hypothesis 1 is that a green bond with 
ESG rating has a lower spread due to reduced uncertainty 
about the bonds shade of green. This potential divergence 
is called the directional effect and matches Gatti and Florio 
(2018) and Bachelet et al. (2019) who show that verification 
is associated with lower spreads. Even though an ESG rating 
alone is not a valid verification, it reduces the information 
asymmetry between issuer and investor regarding the green-
ness of the bond and potential greenwashing.

Hypothesis 1  Existence of an ESG rating leads to higher 
credibility!

Next, we will look at the specific characteristics of ESG 
and the magnitude effect. Recent research emphasizes that 
the relationship between ESG and CFP does not necessarily 
have to be linear. The idea behind this is that “too much of 
a good thing” can have negative consequences (Pierce and 
Aguinis 2013). Barnett and Salomon (2012) show that the 
relationship between CSR and CFP is u-shaped. Meaning 
that low social responsibility comes with a higher CFP than 
moderate social responsibility, but with a lower CFP than 
high social responsibility. Trumpp and Guenther (2017) find 
similar results investigating the relationship between CFP 
and corporate environmental performance (CEP). Compa-
nies with low CEP have a negative relationship to CFP while 
companies with a high CEP are positively related. They call 
this the “too little of a good thing” effect.

A negative green premium might be due to high demand 
for this new asset class, which fits quite well into the cur-
rent political situation of growing environmental concern. 
Therefore, it is necessary to review the influence of CSP/
CEP/ESG on bonds in general. We are especially interested 
in the influence on green bonds, as we aim to find out if 
green investors actually care about the shade of the green 
bond or if only the label counts.

We analyse the influence of ESG ratings on green bond 
pricing to determine if the greenness of the issuer matters for 

its pricing. A better ESG rating should lead to lower spreads 
as already found in some literature and corresponding with 
the CSP/CEP-CFP research (e.g., Polbennikov et al. 2016; 
Zerbib 2019).

Hypothesis 2  The better the ESG rating, the lower the 
spread!

Nollet, Filis and Mitrokostas (2016) examine the CSR and 
CFP relationship by using the S&P 500 universe and taking 
the Bloomberg ESG disclosure score as a proxy for CSP. 
Applying a linear model, they show a negative relationship 
between CSR and CFP. But by applying a nonlinear model, 
they find a u-shaped relationship. This implies a threshold 
amount of investments going into CSR, before the engage-
ment will show positive effects with regards to the financial 
performance. When splitting up the ESG score into E, S and 
G, they show that the governance aspect is the main driver 
for translating CSR into CFP.

Finally, we separately analyse the impact of E, S and G 
on green bond pricing in order to draw conclusions on the 
composition effect. We expect that in particular the E- and 
G-score should have a significant effect on the bond spread 
as a negative green bond premium indicates that investors 
accept getting paid less through green assets. Therefore, a 
green bond issued with a better ESG rating, in particular 
a better E-rating, should have a lower spread than a bond 
issued with a lower ESG rating. In particular, we expect the 
E-score to have an influence (negative correlation to spread), 
as our objects of investigation are green assets. We assume 
that the social score is less important while the governance 
score should also be relevant as a low score would indicate 
low issuer trustworthiness. Since trust is important regarding 
the use of proceeds, the G-score is expected to be negatively 
correlated to the spread.

Hypothesis 3  For green bonds, environmental criteria domi-
nate social and governance criteria!

Data and methodology

We use three different datasets for our analyses. Dataset 
1, the Bloomberg Barclays Global Aggregate Index which 
will be used to examine whether a (negative) green bond 
premium exists. Dataset 2, a unique screening of the fixed 
universe to produce a sample of 466 bonds. Details of this 
screening process are provided below. This dataset is used to 
determine whether and how the issuers’ ESG rating affects 
the respective green bond spreads. Finally, dataset 3, the 
ICE Bank of America Merrill Lynch Green Bond Index 
which is used to control the robustness of the results and 
to validate the screening rules applied to dataset 2. We will 
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henceforth refer to dataset 1, dataset 2 and dataset 3 as “the 
global aggregate index”, “the custom universe” and “the 
green bond index”.

We focus on the results of the custom green universe and 
use the green bond index and the green component of the 
aggregate index for validation purposes. The aggregate index 
includes green bonds and therefore these (green) bonds can 
be used as an additional database for validation of hypoth-
eses 1 and 2. We apply MSCI ESG ratings to verify the 
impact of ESG ratings on bond spreads. There is a growing 
stream of literature that documents the divergence of ESG 
ratings (see, e.g., Berg et al. 2019; Chatterji et al. 2009, 
2016; Semenova and Hassel 2015; Dorfleitner et al. 2015). 
The recent study of Berg et al. (2019) shows that the correla-
tion between five ESG raters ranges between 0.42 and 0.73. 
This divergence can be mainly explained by measurement 
divergence, and the number of categories the ESG provider 
is using. In their findings, they show that while MSCI (pre-
viously KLD but was acquired by MSCI) nearly needs 25 
categories to regress the rating, the other four rating provid-
ers need significantly less categories to explain their ratings. 
Their findings show how the divergence between the rating 
providers might explain the difference in the rating. How-
ever, the results also indicate that MSCI has the best overall 
ESG score and that could explain why it is the most used one 
in academic literature (Berg et al. 2019) to verify the impact 
of ESG ratings on bond spreads.

Data are as at October 31st, 2019. By using secondary 
bond spreads instead of primary spreads, we reduce the 
influence of possible macroeconomic influences. We obtain 
all bond control variables from Bloomberg.

As the first green bond was issued in 2007, we reduce the 
debt universe to bonds issued between January 1st, 2007 and 
October 31st, 2019. Next, we filter for green bonds. For the 
observed time period, 2456 issues are green labelled. As 
this sample also includes loans, we excluded them. There-
after, we implement a size threshold of $100 million issue 
volume. This step reduces the sample down to 1077 bonds. 
In order to create a homogenous dataset, we look at bonds 
with maturity type “At Maturity” and “Callable” only. This 
reduces the sample size by 64 observations. Further homog-
enization is reached by excluding floating rate bonds. We 
also exclude bonds without a credit rating.1 This reduces the 
sample by another 328 bonds. Adjusting for double count-
ing through RegS and 144a issues as well as Tap issues the 
sample is left with 493 bonds. For further homogeneity 18 
bonds whose coupon types are not fixed are removed. As a 
last step, 9 bonds are excluded due to missing data.

The sample selection process reduces the number of 
green bonds from 2456 down to a final sample of 466 bonds. 
Table 2 summarizes the sample selection.

To test hypotheses 1 to 3, we need to further adjust the 
dataset. For Hypothesis 1, we use the final sample, respec-
tively, the green bond index and the green part of the global 
aggregate index2 for validation. For hypotheses 2 and 3, only 
bonds from issuers with an ESG rating can be used. There-
fore, we match bonds with the issuers MSCI ESG rating. 
If a subsidiary who is not rated issued the bond, we used 
the ultimate parent’s ESG rating. This method of match-
ing ratings and bonds is rather problematic for government-
related issuers, as the ultimate parent is (ultimately) the 
government. The matching for government-related issuers 
can therefore be inaccurate. To avoid this problem, we use 
two different datasets for each regression. The first dataset 
is our full dataset and the other dataset incluses coporate 
bonds only. When discussing the results, we will focus on 
corporate green bonds.

In order to determine the influence of different variables 
on bond spreads, especially the ESG rating, an ordinary least 
squares (OLS) regression is applied as followed:

(1)

Y
i
= �0 + �1ESGi

+ �2Credit Ratingi + �3 ln
(

Amount Issued in $
)

i

+ �4 ln
(

Amount outstanding in $
)

i
+ �5 ln (Time to maturity in years)

i

+ �6Callablei + �7USDi
+
(

�8Governm. related
i

)

+ �9Chinai + �10Payment Rank
i
+ u

i

Table 2   Sample selection process

Number of 
securities

Initial sample 2456
 Less loans − 109
 Less bonds with amount issued < 100 mio $ − 1270
 Less bonds with maturity type different from "at matu-

rity" or "callable"
− 64

 Less floating bonds − 82
 Less bonds with no credit rating − 328
 Less bonds with series "RegS" − 57
 Less bonds that are taps − 53
 Less bonds with coupon type different from "fixed" − 18
 Less bonds that miss necessary data (e.g. I-spread) − 9

Final sample 466

1  We forgo to use a rating of a comparable bond. Credit ratings lower 
the information asymmetry between the issuer and the investors, and 
this might lead to a bias of the results in using comparable bonds.

2  Floaters are not included in the green bond index as well as the 
global aggregate index.
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Variables are described in Table 3. Slight changes to the 
base models are necessary depending on the hypothesis 
tested or the data used.3

Empirical results

Does a (negative) green bond premium exist?

To determine whether there is a statistically significant 
green bond premium, we follow the approach of Preclaw 
and Bakshi (2015). We use the global aggregate index and 
introduce a green bond dummy variable, which is one if the 
bond is green and zero otherwise. Table 4 shows the regres-
sion results. We control for collinearity of the variables by 
analysing the variance inflation factors (VIFs). The average 
VIFs are low and around 1.54 for the dataset including all 
bonds and 1.45 for the dataset focusing on corporates; hence, 
we may assume there is no collinearity of the variables.

The Green bond dummy variable is statistically signifi-
cant and negative, indicating a negative green bond premium 
of 8 to 14 bps. These results suggest that investors are will-
ing to receive a lower yield in order to buy green. Thus, we 
confirm a (negative) green bond premium. The findings are 
in line with Zerbib (2019).

Does having an ESG rating lower the spread?

Next, we test the directional effect of an ESG rating on the 
spreads of green bonds. To determine whether the ESG rat-
ing has a positive impact on spreads of green bonds, we 
analyse if a missing ESG rating leads to a higher spread. 
The ESG variable is a dummy variable with the value of 
one if the issuer has an ESG rating (from MSCI) and zero 
otherwise.

Table  5 shows the results of the OLS regression. It 
includes six different regressions, but our main focus is on 
the regressions that include corporates only.

Analysing the influence of ESG Rating, we find that all 
three corporates only regressions (Models 1, 3, 5) show a 
negative relation of ESG rating and spread. Model 1, how-
ever, shows no statistically significant effect of the ESG vari-
able, but the regressions of the green bond index (Model 3) 
and the green part of the global aggregate index (Model 5) 
are both highly statistically significant. Depending on the 
estimated model, having an ESG rating lowers the spread 
by 9 to 19 bps. The insignificant results of Model 1 could be 
due to a dominance of green bonds that have an ESG rating.

A deterioration in Credit Rating of 1 step (e.g., AA 
to AA-) leads to a 28.66 bps higher spread (Model 1 of 
Table 5). The influence of the Credit Rating is positive and 
statistically significant for each regression. The positive 
coefficient is not surprising, as a lower rating indicates more 
risk. The Amount Issued is statistically significant at the 5% 
level for the green component of the global aggregate index 

Table 3   Variable definitions

Variable Description

ESG related variables
ESG rating Dummy variable which takes value 1 if the issuer has a MSCI ESG rating, 0 otherwise
E-score Environmental pillar of ESG Score from 0 (worst) to 10 (best)
S-score Social pillar of ESG Score from 0 (worst) to 10 (best)
G-score Governance pillar of ESG Score from 0 (worst) to 10 (best)
Weighted average ESG score Combined ESG score from 0 (worst) to 10 (best)
Control variables
Credit rating Bloomberg composite rating (expanded if not available with S&P or Moody’s rating.) AAA equals 1, AA + equals 

2 etc
Amount issued Issue size in USD
Amount outstanding UP Amount outstanding (all bonds) of the ultimate parent in USD. 
Time to maturity Remaining time to maturity in years measured from October, 31, 2019 
Callable Dummy variable which takes value 1 if the bond is callable, 0 otherwise
USD Dummy variable which takes value 1 if the bond is denominated in USD, 0 otherwise
Governm. related Dummy variable which takes value 1 if the bond is issued by a government-related issuer, 0 otherwise
Green bond Dummy variable which takes value 1 if the bond has a Green Instrument flag, 0 otherwise
China Dummy variable which takes value 1 if the issuers country of risk is China, 0 otherwise
Payment rank Normalized payment rank of the bond where 1 equals 1st lien Secured, 2 equals Secured, 3 equals Sr unsecured, 4 

equals Subordinated, and 5 equals Jr Subordinated

3  Depending on the model, one or three ESG variables are used.
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(Model 5). This result holds when including government-
related bonds (Model 6). This relationship is in line with 
the previous literature (Kapraun and Scheins 2019). For the 
green bond index (Model 1 and 2), the coefficients are not 
statistically significant, which might be due to the issue size 
threshold that was implemented. A required minimum issue 
size might lower the influence of issue size on the spread. 
The Amount Outstanding variable shows only weak signifi-
cance for the green dataset including all bonds (Model 2).

The relationship between Time to Maturity and spread 
is positive, i.e., a longer time to maturity leads to a higher 
spread. For all regressions, this influence is statistically sig-
nificant. The coefficient is in the range of 11–26. The loading 
factors for the variable in the regression analysis suggest, 
that, all else being equal, an increase of the time to matu-
rity by 1 year is associated with a higher spread of between 
6.808 bps and 22.737 bps. The direction of the influence is 
as expected.

The Callability of a green bond leads to a 44.7 bps lower 
spread (Model 1) and is statistically significant for all but 
one regression (Model 4). This is contrary to previous 
research (e.g., Kuhn et al. 2018) but could be due to the 
effect of the low-interest phase. If an increase in interest 
rates is expected rather than a further decrease the Callabil-
ity of a bond is no disadvantage for an investor. However, 
the results should be interpreted carefully as the callabil-
ity also depends on the accepted likelihood of being called. 
Alternatively, the call option has the feature of reducing the 
maturity and hence could lead to lower spreads if compared 
to a higher maturity non-callable bond.4

For the USD dummy variable, we find that USD denomi-
nated bonds are significantly wider in a range of 46 to 74 

Table 4   Existence of a green bond premium

Standard errors are reported in parentheses
*p < 0.10, **p < 0.05, ***p < 0.01

Green bonds characteristic only Green bond characteristic and ESG Yes/
No

Green bond characteristic and 
E-,S- and G-Score

Corporates All Corporates All Corporates All

Model 1 2 3 4 5 6

Green bond − 9.704***
(1.909)

− 8.030***
(1.630)

− 12.777***
(1.883)

− 11.061***
(1.618)

− 13.713***
(2.158)

− 12.215***
(2.066)

ESG − 22.140***
(0.929)

− 20.829***
(0.838)

E-score − 2.495***
(0.204)

− 2.467***
(0.201)

S-score − 1.407***
(0.267)

− 1.281***
(0.267)

G-score − 1.543***
(0.310)

− 1.205***
(0.303)

Credit rating 13.176***
(0.174)

12.206***
(0.155)

13.410***
(0.174)

12.412***
(0.155)

11.775***
(0.204)

11.248***
(0.197)

Amount issued − 4.621***
(0.617)

− 5.220***
(0.422)

− 2.710***
(0.611)

− 2.794***
(0.432)

− 2.130***
(0.624)

− 1.858***
(0.483)

Time to maturity 41.111***
(0.463)

38.214***
(0.428)

40.607***
(0.456)

37.891***
(0.420)

43.980***
(0.506)

41.341***
(0.482)

Callable − 23.596***
(0.802)

− 20.413***
(0.784)

− 18.791***
(0.777)

− 16.185***
(0.756)

− 16.911***
(0.825)

− 15.484***
(0.825)

USD 37.409***
(0.733)

39.404***
(0.684)

36.931***
(0.712)

38.573***
(0.664)

27.166***
(0.772)

29.210***
(0.746)

Payment rank − 3.193
(0.521)

− 1.954***
(0.494)

− 2.004***
(0.525)

− 0.644
(0.498)

− 2.743***
(0.685)

− 2.149***
(0.680)

Intercept 16.237
(12.536)

33.006***
(8.626)

− 12.921
(12.330)

− 7.771
(8.756)

− 3.119
(13.065)

− 7.099
(10.253)

N 14,170 16,046 14,170 16,046 10,705 11,543
Adjusted R2 0.65 0.67 0.67 0.68 0.68 0.69

4  We thank the anonymous reviewer for this alternative explanation.
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bps.5 It can be concluded that other currencies, such as Euro 
denominated green bonds, price tighter than USD denomi-
nated green bonds.

The variable Government related is only relevant for 
the regressions using the full sample. All three regres-
sions (Models 2, 4, 6) show that government-related issuers 
receive a lower spread of 7 to 14 bps. However, only Models 
4 and 6 show statistical significance for this variable. The 
dummy variable China only shows significance for the cus-
tom dataset (Model 1 and 2). The “corporates only” (Model 
1) selection indicates that a bond from China has a 295 bps 
higher spread, while the whole sample shows an additional 
spread of only 64 bps. In general, the higher spread related 
to China seems comprehensible, as characteristics of green 
bonds in China differ from those of other markets. The China 
Green Bond Market Report (2019) points out that a high 

percentage of bonds from China and labelled green does 
comply with the internationally recognized definition of a 
green bond by the Climate Bonds Initiative. On the other 
hand, there are also green-labelled bonds that only comply 
with China’s domestic definitions. Another takeaway is that 
Chinese companies that are not government related seem 
to be regarded as much riskier, which might be due to the 
government’s strong influence on the economy.

The results of the influence of the Payment Rank are 
mixed. The green bond index (Model 3 and 4) indicates a 
positive relationship (1 = 1st lien Secured … 5 = Jr. Subor-
dinated) between spread and payment rank, but these results 
are not significant. The custom data index (Model 1 and 
2) and also the green part of the global aggregate index 
(Model 5 and 6) show a significant negative relationship. 
This might surprise first but considering that the Payment 
Rank is already included to some extent in the credit rating 
and that the majority of green bonds are senior unsecured 
the results could be driven by some outliers.

Overall, the results support our first hypothesis that hav-
ing an ESG rating is rewarded with a lower spread, confirm-
ing a directional effect. Information asymmetry regarding 

Table 5   Regression results Hypothesis 1

Standard errors are reported in parentheses
*p < 0.10, **p < 0.05, ***p < 0.01

Custom universe Green bond index Global aggregate index

Corporates All Corporates All Corporates All

Model 1 2 3 4 5 6

ESG rating − 9.512
(16.177)

− 36.412***
(9.611)

− 19.179***
(5.952)

− 18.622***
(4.623)

− 12.636***
(3.869)

− 12.531***
(3.677)

Credit rating 28.655***
(3.614)

21.601***
(2.370)

12.252***
(1.320)

10.982***
(0.916)

11.837***
(0.818)

11.371***
(0.755)

Amount issued 3.423
(16.695)

− 7.440
(5.818)

− 5.148
(6.714)

− 6.203**
(2.675)

− 13.288**
(5.134)

− 14.965***
(3.724)

Amount outstanding − 2.389
(2.578)

− 4.994*
(2.596)

Time to maturity 17.100*
(9.467)

11.743**
(4.788)

26.311***
(3.262)

18.922***
(1.988)

26.440***
(2.956)

24.034***
(2.186)

Callable − 44.705**
(19.885)

− 36.799**
(17.218)

− 7.787*
(4.549)

0.207
(4.538)

− 19.951***
(4.178)

− 16.344***
(3.990)

USD 74.424***
(15.753)

71.911***
(9.806)

56.641***
(3.924)

46.427***
(2.976)

51.596***
(3.387)

47.056***
(2.840)

Governm. related − 7.062
(8.724)

− 14.090***
(4.067)

− 10.787***
(3.324)

China 295.445**
(137.771)

63.727*
(36.236)

− 2.724
(8.898)

0.082
(8.126)

Payment rank − 76.575***
(26.777)

− 59.191***
(20.007)

4.477
(9.351)

1.499
(9.220)

− 10.894***
(3.488)

− 10.977***
(3.540)

Intercept 61.010
(348.662)

378.628
(124.235)

34.455
(126.748)

84.503*
(46.210)

247.955**
(101.488)

289.409***
(72.886)

N 218 466 301 491 323 407
Adjusted R2 0.67 0.60 0.61 0.68 0.74 0.75

5  In an alternative model, we have replaced the USD dummy variable 
with a variable controlling for bonds issued in Euro. Using this alter-
native variable does not change the results for the other variables. The 
results of this alternative model are not shown for reasons of brevity 
but are upon on request.
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the greenness of the green bond and the risk of financing 
greenwashing is reduced. The existence of an ESG rating 
leads to higher credibility of the company, represented 
through a more favourable spread when issuing green bonds. 
The results are in line with the majority of CSP/CEP—CFP 
research.

Does a higher ESG rating lead to a lower spread?

Following the result that having an ESG rating is correlated 
to a lower spread, we now only investigate green bonds that 
have an ESG rating to determine the magnitude effect and if 
the greenness of a green bond matters for its pricing. Table 6 
shows the results for the model using the weighted average 
ESG score.

Looking at the ESG influence on the spread, for every 
single regression the Weighted Average ESG Score is statis-
tically significant on the 1% level. An improvement in the 
ESG rating of 1 point (scale is 0–10) leads to a decrease of 
the spread by 6 to 13 bps. Correlation does not automatically 
imply causality, but the results indicate that the greenness of 
a green bond does matter. The greener the issuer, expressed 
by the ESG rating, the more an investor is ready to give up.

Unsurprisingly, the results of Table 6 show that the 
variable of Credit Rating has a statistically significant 
negative relationship to the bond spread. A one notch 
lower rating (e.g., BB + to BB) increases the spread by 
5 to 14 bps depending on the sample. A higher Amount 
Issued is associated with a lower spread but the Amount 
Outstanding is only weakly statistically different from 
zero. The coefficient Time to Maturity is positive and 
strongly significant for all regressions with a 10% 
increase leading to a 2–3 bps higher spread. The dummy 
variable, Callable, has as for Hypothesis 1, a negative 
coefficient but lacks significance at the 5% level. Moreo-
ver, the relationship between the spread and the dummy 
variable USD has not changed. This result is significant 
for all regressions. As expected, the dummy variable Gov-
ernment related is negatively related to the spread but 
only in Model 4.

Looking at Hypothesis 2, we conclude that the higher 
the ESG rating, the lower the spread of green bonds. The 
results confirm our second hypothesis and provide evi-
dence for the magnitude effect.

Table 6   Regression results Hypothesis 2

Standard errors are reported in parentheses
*p < 0.10, **p < 0.05, ***p < 0.01

Custom universe Green bond index Global aggregate index

Corporates All Corporates All Corporates All

Model 1 2 3 4 5 6

Weighted average ESG score − 13.570***
(3.426)

− 10.603***
(2.918)

− 6.091***
(1.811)

− 6.444***
(1.719)

− 9.634***
(1.701)

− 8.918***
(1.684)

Credit rating 14.128***
(3.280)

12.739***
(2.333)

4.669***
(1.006)

5.251***
(0.795)

7.886***
(1.020)

7.370***
(0.970)

Amount issued − 17.469***
(6.064)

− 16.462***
(5.870)

− 16.951***
(3.589)

− 16.485***
(2.524)

− 16.698***
(4.043)

− 18.384***
(3.880)

Amount outstanding − 2.745*
(1.461)

− 1.921*
(1.147)

Time to maturity 25.535***
(4.096)

19.763***
(4.583)

32.125***
(3.055)

28.731***
(2.725)

27.967***
(3.927)

26.675***
(3.407)

Callable − 11.059
(6.801)

− 3.450
(7.449)

− 0.905
(3.934)

0.384
(3.880)

− 9.797*
(5.213)

− 8.559*
(5.011)

USD 46.769***
(8.736)

52.413***
(8.469)

37.905***
(4.336)

41.350***
(4.106)

33.406***
(4.745)

34.858***
(4.447)

Governm. related 0.957
(7.896)

− 19.288***
(5.098)

− 9.467
(6.010)

Payment rank 0.996
(11.332)

7.830
(9.484)

39.400***
(4.027)

38.987***
(3.855)

− 1.326
(3.986)

− 0.625
(4.076)

Intercept 417.476***
(125.317)

353.842***
(113.736)

229.635***
(71.932)

223.608***
(49.807)

348.581***
(85.167)

380.701***
(81.310)

N 163 211 192 228 193 208
Adjusted R2 0.65 0.64 0.76 0.78 0.74 0.74
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For green bonds, environmental criteria should 
dominate social and governance criteria

We now separate the ESG rating into the E-, S- and G-score. 
Table 7 shows the regression results for the model including 
the three components.

We find that the E-Score coefficient is not significant in 
any model. The S-Score shows only weak significance in the 
first model but lacks significance in the other models, while 
the G-Score is strongly significant in all regressions.

This result is interesting, since it implies that the gov-
ernance part of the ESG score is the main driver behind 
lower spreads, not the E-Score as expected. One possible 
explanation for this result could be the characteristic of a 
green bond itself. The main characteristic of a green bond 
is the use of proceeds. These need to be directed towards 
an environmentally friendly purpose. From an investors’ 
point of view, the results indicate that the trustworthiness 
represented through the G-Score is more relevant than the 
environmental friendliness represented through the E-Score. 

Trust is a crucial point for green bonds due to the special use 
of proceeds. Therefore, the results suggest that the belief the 
issuer uses the proceeds in the stated way is more important 
than the environmental image of the issuer. We conclude 
that companies with high governance scores are able to issue 
green bonds more successfully.

We now return to the global aggregate index and our first 
question of the existence of a (negative) green bond pre-
mium. Running a correlation matrix,6 it is obvious that the 
green bond characteristic shows almost no correlation with 
the other variables. This is particularly interesting for the 
E-Score. It indicates that bonds from environmental-friendly 
companies are not more likely to be green than bonds from 
less environmental-friendly firms. This supports the conclu-
sion that the environmental friendliness of an issuer are not 
the most important characteristic for the spread of a green 

Table 7   Regression results Hypothesis 3

Standard errors are reported in parentheses
*p < 0.10, **p < 0.05, ***p < 0.01

Custom universe Green bond index Global aggregate index

Corporates All Corporates All Corporates All

Model 1 2 3 4 5 6

E-score − 2.355
(1.926)

− 2.703
(2.004)

− 0.703
(0.966)

− 0.541
(0.944)

− 1.407
(1.034)

− 1.209
(0.994)

S-score − 4.631*
(2.514)

− 2.451
(2.332)

− 1.757
(1.169)

− 2.117*
(1.164)

− 1.914
(1.313)

− 2.066
(1.286)

G-score − 5.504***
(2.072)

− 3.428**
(1.567)

− 2.730**
(1.129)

− 3.230***
(1.068)

− 4.486***
(1.195)

− 4.304***
(1.183)

Credit rating 13.445***
(3.373)

12.571***
(2.390)

4.240***
(0.943)

4.960***
(0.766)

7.286***
(1.063)

6.870***
(0.972)

Amount issued − 20.386***
(6.536)

− 17.945***
(6.064)

− 18.674***
(3.795)

− 17.508***
(2.574)

− 19.286***
(4.498)

− 20.188***
(4.142)

Amount outstanding − 3.429*
(1.741)

− 1.816
(1.163)

Time to maturity 25.025***
(4.234)

19.270***
(4.902)

31.753***
(3.069)

28.745***
(2.770)

26.575***
(4.044)

25.679***
(3.583)

Callable − 18.450**
(7.436)

− 7.836
(8.243)

− 2.639
(4.013)

− 2.028
(3.874)

− 11.500**
(5.477)

− 10.751**
(5.179)

USD 47.935***
(8.629)

53.908***
(8.464)

38.666***
(4.199)

42.202***
(4.011)

35.502***
(4.546)

36.915***
(4.293)

Governm. related − 4.223
(9.075)

− 17.833***
(5.482)

− 10.956*
(5.906)

Payment rank 3.501
(10.590)

9.512
(9.209)

40.425***
(3.905)

39.957***
(3.714)

0.315
(4.021)

0.980
(4.064)

Intercept 485.699***
(132.926)

368.290***
(118.582)

259.018***
(76.161)

239.152***
(51.211)

389.780***
(94.151)

407.613***
(87.055)

N 163 211 192 228 193 208
Adjusted R2 0.64 0.62 0.75 0.78 0.72 0.73

6  For reasons of brevity, the correlation matrix is not shown in the 
paper but is available upon request.
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bond. We need to reject our third hypothesis, as a domina-
tion of E versus S and G could not be found. However, we 
find that governance seems to be the main driver of spreads 
of green bonds.

Conclusion

First of all, the evidence provided in our paper supports the 
(negative) green bond premium found in previous studies. 
For our sample, we report a negative premium of 8 to 14 
basis points (directional effect). Addressing the question of 
potential greenwashing, we show that the existence of an 
ESG rating lowers the spread of green bonds. We offer the 
explanation of reduced information asymmetry and addi-
tional certification by the rating agency. Further, a higher 
ESG score (better rating) additionally lowers the spread 
for green bonds (magnitude effect). Remarkably, not the 
influence of the E-Score is the main driver for green bond 
spreads, but the G-Score (composition effect).

Our findings contribute in several ways to the literature: 
First, the ongoing existence of a negative green bond pre-
mium is underlined. Second, it is important for issuers to 
have an ESG rating in order to be investable for ESG-ded-
icated investors. Third, having a good rating does pay off 
spread-wise, as a good ESG rating will attract more inves-
tors. The shade of green matters for the pricing of green 
bonds. As the governance pillar has the strongest and most 
significant influence on the spread, we conclude that govern-
ance is an important driver of credit risk, even in the case 
of green bonds.
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Abstract
This paper extends the asset pricing literature by offering a proprietary index of negative investor sentiment linked to carbon 
monoxide (CO), nitrogen dioxide (NO2), ozone particle (O3), 2.5 mm particulate matter (PM2.5), and sulfur dioxide (SO2) 
levels; determining the link between New York City air pollution and stock market returns. Kindly note that Food products 
and wholesale portfolio returns on average increase with enhanced negative investor sentiment. This is consistent with 
behaviors associated with psychological stress, like binge eating and shopping sprees. Personal services portfolio returns 
decrease on average with increased negative investor sentiment, consistent with behavioral isolationism.

Keywords  asset pricing models · investor sentiment · air pollution

JEL Classification  G11 · G12 · Q52

Introduction

How does air pollution affect the stock market? The objec-
tive of this paper is to assess the relationship between pol-
lution, investor sentiment, and stock market returns. The 
United States stock market is the holding choice of over 
$30 trillion in wealth. A risk averse investor responds to 
uncertainty by his or her willingness to pay for a risk pre-
mium to achieve a more certain state. This is the fundamen-
tal underlying of the Capital Asset Pricing Model (CAPM) 
of Sharpe (1963). Their model says that the expected return 
of a risky asset can be explained by a composition of the dif-
ference between returns and risk-free rate of return plus the 
risk premium. Fama and French (1993) extend this relation-
ship to include the difference between returns of portfolios 
diversified with small stocks and big stocks, respectively, 
and the difference between returns on high book-to-market 
value stocks versus low. Fama and French (2015) continue 
the extension by adding variables for the difference in return 
between highly profitable and the least profitable as well 
as one for the difference in returns for firms who invest 

aggressively versus conservatively. Investor sentiment may 
alter asset prices away from their fundamental value if only 
considering the predefined characteristics. This paper con-
tributes a unique set of negative investor sentiment compo-
nents to the asset pricing literature, generated using a prin-
cipal-component analysis of New York City’s daily carbon 
monoxide (CO), nitrogen dioxide (NO2), ozone particle (O3), 
2.5 mm particulate matter (PM2.5), and sulfur dioxide (SO2) 
levels. Using pollution measures instead of weather varia-
tions are desirable because it is more feasible to implement a 
policy of emissions reduction than to control Mother Nature, 
and thus this paper provides an interesting alternative chan-
nel to explore in the welfare implications of emission reduc-
tion policies. The new model adds this index to the Fama 
and French (2015) five factors and is implemented on the 
49 industry portfolios provided by Dr. French’s website in 
order to examine if it can adequately explain returns across 
a wide variety of sectors and securities. The results indicate 
that sentiment based on pollution can further explain stock 
market returns and may be useful to implement into a trad-
ing strategy. The rest of the paper is organized as follows: 
a review of the relevant literature relating to stock market 
return factors, a theoretical derivation of the original CAPM 
of Sharpe (1963) and extension that serves the purpose of 
the paper, an overview of the data and empirical methodol-
ogy, results, discussion, and conclusion.

 *	 Matthew Muntifering 
	 mkm0042@auburn.edu

1	 Department of Agricultural Economics and Rural Sociology, 
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Review of literature

Li et al. (2019) show a positive impact of air pollution on 
the disposition effect, which is a behavioral anomaly where 
traders hold onto assets whose prices are dropping and sell 
those who are increasing. They show that the effect is larger 
when measuring air pollution by 10 or 2.5 mm inhalable 
particulate matter (PM10 or PM2.5), further validating the use 
of PM2.5 data in this study. Levy and Yagil (2011), Lepori 
(2016), Li and Peng (2016), and An et al. (2018) also study 
the effects of air pollution on the stock market and find nega-
tive relationship between air pollution and returns in the 
United States, Italy, and China. Heyes et al. (2016) examine 
primarily PM2.5 and finds a robust negative statistically sig-
nificant relationship. The China AQI in Li and Peng (2016) 
contains information for carbon monoxide, nitrogen diox-
ide, ozone particle, 2.5 mm particulate matter, and sulfur 
dioxide. Their study highlights these as five associated with 
negative human health consequences, particularly PM2.5 that 
can infiltrate alveoli and obstruct gas exchange.

Saunders (1993) examines the relationship between sunny 
days, investor sentiment and expected returns between 1983 
and 1989 and finds no significant “sunshine effect.” Hir-
shleifer and Shumway (2003) found that trading decisions 
made incorporating sunshine information can increase a 
portfolio’s Sharpe ratio, measuring excess returns for a given 
unit of risk (measured in standard deviation of returns). The 
Britten-Jones test can be used to identify this relationship 
and is conducted by regression of 1’s on the vector of port-
folio returns. They do mention however that these results 
are sensitive to the frequency of trades if non-trivial transac-
tion costs exist. Their study examines daily market returns 
in 26 countries from 1982 to 1997. Their use of sunshine 
in the city where the most active financial exchange exists 
motivates the use of using New York City weather data. 
Chang et al. (2008) conclude that increased cloud cover 
in New York City is associated with increased stock vola-
tility. Their results confirm those of Saunders (1993) and 
Hirshleifer and Shumway (2003) in that there are linkages 
between daily weather patterns and asset returns. Trombley 
(1997) critiques Saunders (1993) paper by saying the distri-
bution of cloudiness lends itself to statistically significant 
results by comparing 20% cloudiness to 100%. We address 
this concern by using widely dispersed pollution data. Cao 
and Wei (2005)  examine temperature effects on stock mar-
ket returns while remaining consistent with the trend in the 
literature to include data from the major market city. Kliger 
and Levy (2003) find that increased cloud cover is related to 
increased investor perceived probabilities of negative events. 
They find that higher temperatures are associated with apa-
thy and lower returns while adjacently lower temperatures 

imply aggression and more risk seeking and higher returns. 
Dowling and Lucey (2008a, b) study wind, precipitation, and 
geomagnetic storms and find that they are relevant drivers 
of increased volatility of individual indices. Loughran and 
Schultz (2004) find that blizzards and cloudy days in New 
York are associated with marginally lower stock returns. One 
interesting question arises when considering cloud covers 
studies. How much of the cloud cover can be attributed to 
air pollution? While the literature appears deeper regard-
ing the effects of weather rather than pollution on the stock 
market, the detrimental physical health effects of pollution 
in addition to the adverse mental health effects from clouds 
that could also be from pollution signal an importance for 
the field to continue to understand these relationships with 
the goal to improve human welfare across the multiple afore-
mentioned avenues.

Jaffe et al. (1989), Wang et al. (1997) and Pettengill 
(2003) examine what is referred to as the Monday effect, 
which originally said there is a decline in labor productivity 
on this day relative to others. It has been shown to have the 
reversal effect. Schultz (1985), Ariel (1987), and Kamstra 
et al. (2000a) describe another seasonal effect pervasive in 
the literature, the January effect. This effect says that unu-
sually high returns are observed in January relative to other 
months.

Other examples of seasonal occurrences that may explain 
returns are Kamstra et al. (2000b) and Kamstra et al. (2003) 
who find that daylight savings time and thus shortened days 
lead to seasonal affective disorder (SAD), associated with 
depression, which causes an increase in risk aversion. This 
heightened risk aversion thus leads to decreased variability 
or volatility in asset returns. Dowling and Lucey (2008a, b) 
also examine daylights saving time and lunar phases with 
similar results. Loughran and Schultz (2004) in addition 
to their weather results find that trading is slowed in cities 
with high Jewish populations on Yom Kippur. Also, Dichev 
and Janes (2003), Yuan et al. (2006) and Keef and Khaled 
(2011) among others study lunar phases of the moon and 
stock market returns and provide evidence for moon effects. 
These studies support the findings that returns are higher 
on new moon days but argue that it is difficult to imagine 
that, the Monday effect, or the turn-of-the-month effect as 
significant drivers off inefficient markets. This paper agrees 
and argues that as more recent technological advances such 
as algorithmic trading strategies, near-zero cost investment 
platforms and free financial literacy training mobile applica-
tions continue to progress, the increased financial savvy of 
investors across investors of all skill levels will increasingly 
diminish these particular inefficiencies and thus do not con-
sider these variables.
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Theoretical framework

The theoretical model relies on the fundamental equation of 
the Sharpe (1963) CAPM:

The standard assumption is that if the model adequately 
explains returns then alpha should be zero. The arguments 
against the efficient market hypothesis can be found in Bar-
beris et al. (2005). They find that asset returns are indeed 
influenced by non-common fundamental risk. These devia-
tions from the assumption provide the Fama and French 
(1992) framework and allow for further analysis.

The Three Factor Model of Fama and French (1993) 
includes size (SMB) and book-to-market value (HML) 
factors to the original CAPM specification. They find sig-
nificant explanatory power of these factors towards excess 
return, stating the book-to-market value is positively cor-
related with asset returns. The same holds true for firm size 
as measured by market capitalization.

Fama and French (2016) extend the model further to the 
Five Factor Model to include profitability (RMW) and an 
investment aggressiveness (CMA) factor. They also note that 
when implementing this model, the value (book-to-market/
HML) factor may become redundant. As an additional ave-
nue of analysis, this paper explores the issue further.

By asserting that investor sentiment may further explain 
excess asset returns, this paper extends the theoretical model 
to include a sixth factor, a unique measure of investor senti-
ment (SEN).

The parameters of the model can be estimated using a 
regression like Fama and MacBeth (1973).

Data

Daily air quality index (AQI) data for carbon monoxide, 
nitrogen dioxide, ozone particle, 2.5 mm particulate matter, 
and sulfur dioxide in New York City were obtained from 
the Environmental Protection Agency on trading days from 
January 4, 2013 until May 7, 2019. Data across a similar 
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time horizon on portfolio returns and the Fama and French 
(2016) factors are obtained from Dr. French’s personal web-
site. The number of trading days in this sample is 1,617. The 
period before 2013 is excluded from the analysis in order to 
avoid overlap into the financial crisis.

Table 1 in the “Appendix” describes the summary sta-
tistics of the dataset. The portfolios were constructed based 
on the stock’s industry SIC code. The portfolio types are; 
agriculture, food products, candy and soda, beer and liquor, 
tobacco products, recreation, entertainment, printing and 
publishing, consumer goods, apparel, healthcare, medical 
equipment, pharmaceutical drugs, chemicals, rubber and 
plastic products, textiles, construction materials, construc-
tion, steel works, fabricated products, machinery, electrical 
equipment, automobiles and trucks, aircraft, shipbuilding 
and railroad equipment, defense, precious metals, non-
metallic and industrial mining metal, coal, petroleum and 
natural gas, utilities, communication, personal services, 
business services, computer hardware, computer software, 
electronic equipment, measuring and control equipment, 
business supplies, shipping containers, transportation, 
wholesale, retail, restaurants and hotels/motels, banking, 
insurance, real estate, trading, and other. Figures 1, 2, 3, 4 
and 5 show the normalized AQI values of various pollutants 
over time. Visually there is sparsity in the data and alleviates 
the concern pressed in Trombley (1997).

Empirical framework

Principal component analysis is used to create the sentiment 
components. A Bartlett test of sphericity with a null that the 
correlation matrix for the given variables is not an identity 
matrix is rejected. The Kaiser–Meyer–Olkin Measure of 
Sampling Adequacy is 0.643 which is greater than 0.5. The 
diagonal on the anti-image correlation coefficient matrix can 
be interpreted as a measuring of sampling adequacy. The 
values for this diagonal are 0.66, 0.6989, 0.8321, 0.6487, 
and 0.8113, respectively. Further, low values along the 
diagonal of the residual correlation matrix are a measure of 
performance of the components in explaining the variation 
in the original data. These values are all under 0.0005. These 
results taken in conjunction imply that a principal compo-
nent analysis of the data may be appropriate.

The first two principal components have eigenvalues 
above 1 and represent the points to the left of the “bow” 
of the scree plot (Figure 6), which are two useful criteria 
in deciding the number of components to use. These com-
ponents explain roughly 67 percent of the variation in the 
initial data and may be adequate for analysis (Table 2).

This technique is used in the asset pricing literature to 
develop indices of investor sentiment by Baker and Wur-
gler (2006), Lin et al. (2012), Ait-Sahalia and Xiu (2017), 
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Dhaoui and Bensalah (2017) and Gerber et al. (2019). Liew 
and Budavari (2017) use a combination of proprietary 
StockTwits data to construct their index and provide another 
unique example of how to measure sentiment.

The loading plot (Figure 7) and loading table (Table 3) 
show the makeup of the individual components. Compo-
nent 1 is as followed (recalling that the input data has been 
normalized):

Given the theoretical model and the derivation of princi-
pal components, the final model to be estimated is:

Results and discussion

The analysis was performed using Stata 15. The estimated 
output tables can be found in Table 4.

The results indicate that the investor sentiment index 
composition in this paper do indeed help explain stock mar-
ket returns. The 49 industry portfolios examined all display 
an increase in the R-square value as a result of the imple-
mentation. Further, the F-test for the null hypothesis that 
the factors are jointly insignificant is rejected. The port-
folios where the first principal component is individually 
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statistically significant are food products (positive effect), 
personal services (negative effect), and wholesale (positive). 
These portfolios correspond to actions in psychological and 
health literature taken in companionship with stress. The 
psychological link to binge eating, isolationism, and shop-
ping sprees are well documented. see Smith et al. (1998), 
Sanders et al. (2000) and Krueger (1988), respectively. It 
is also of interest that statistically significant positive alpha 
was generated for guns, business services, and insurance 
portfolios.

Conclusion

These results add to the expanding literature on the effects 
of pollution on stock market returns, specifically providing 
a link between New York City pollution levels and excessive 
returns. A unique measure of negative investor sentiment, 
generated by using a principal-component analysis of New 
York City’s daily carbon monoxide, nitrogen dioxide, ozone, 
2.5 mm particulate matter, and sulfur dioxide levels is also 
contributed. Further research into this subfield may include 
adding similar pollution variables or investor sentiment data 
to the index. Finally, this paper gives supporting evidence to 
emission reduction policies, giving an alternative vehicle to 
welfare improvement because of successful implementation.

Appendix 1: Tables

See Tables 1, 2, 3 and 4.
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Table 1   Descriptive statistics

Variable Obs Mean Std.dev. Min Max

coaqi 1617 8.772 3.603 2 38
no2aqi 1617 42.244 13.714 15 131
ozoneaqi 1617 47.952 25.719 11 210
pm25aqi 1617 50.838 15.93 16 141
so2aqi 1617 4.989 5.056 0 59
mrf 1617 0.051 0.832 − 4.03 5.06
smb 1617 − 0.007 0.493 − 1.63 2.52
hml 1617 − 0.014 0.494 − 1.69 2.38
rmw 1617 0.004 0.324 − 1.58 1.63
cma 1617 − 0.009 0.316 − 1.32 1.96
rf 1617 0.002 0.003 0 .01
agric 1617 0.022 1.122 − 6.43 7.65
food 1617 0.038 0.882 − 5.11 4.73
soda 1617 0.043 0.882 − 7.3 5.29
beer 1617 0.058 0.825 − 4.28 3.04
smoke 1617 0.038 1.056 − 11.46 4.91
toys 1617 0.04 1.391 − 8.15 8.22
fun 1617 0.088 1.464 − 6.75 7.15
books 1617 0.024 1.128 − 8.72 6.91
hshld 1617 0.043 0.806 − 3.98 4.55
clths 1617 0.057 1.156 − 6.3 6.36
hlth 1617 0.045 1.147 − 8.86 4.78
medeq 1617 0.076 0.972 − 4.45 4.92
drugs 1617 0.054 1.044 − 4.68 6.25
chems 1617 0.04 1.061 − 4.75 5.37
rubbr 1617 0.053 0.987 − 5.11 3.81
txtls 1617 0.048 1.409 − 18.31 6.56
bldmt 1617 0.044 1.129 − 5.21 4.17
cnstr 1617 0.039 1.307 − 6.2 5.13
steel 1617 0.019 1.586 − 6.85 8.72
fabpr 1617 0.035 1.743 − 15.45 9.78
mach 1617 0.045 1.143 − 5.93 5.23
elceq 1617 0.033 1.104 − 4.82 4.95
autos 1617 0.032 1.219 − 5.98 5.29
aero 1617 0.075 1.065 − 5.36 5.12
ships 1617 0.063 1.392 − 5.64 7.99
guns 1617 0.097 1.042 − 5.66 6.22
gold 1617 0.003 2.405 − 11.76 10.42
mines 1617 .006 1.642 − 7.52 10.04
coal 1617 − 0.055 2.799 − 18.44 18.08
oil 1617 0.006 1.326 − 7.47 6.71
util 1617 0.044 0.835 − 4.44 2.89
telcm 1617 0.045 0.851 − 4.42 3.6
persv 1617 0.045 1.091 − 4.47 4.35
bussv 1617 0.075 0.952 − 4.4 5.17
hardw 1617 0.049 1.169 − 7 5.11
softw 1617 0.074 1.092 − 4.8 6.33
chips 1617 0.081 1.17 − 7.25 5.91
labeq 1617 0.076 1.048 − 4.56 5.02
paper 1617 0.044 0.925 − 7.35 4.15

Table 1   (continued)

Variable Obs Mean Std.dev. Min Max

boxes 1617 0.05 1.09 − 5.55 4.4
trans 1617 0.059 1.083 − 4.66 5.61
whlsl 1617 0.041 0.894 − 4.18 3.85
rtail 1617 0.063 0.93 − 4.1 6.88
meals 1617 0.065 0.837 − 4.31 3.84
banks 1617 0.059 1.096 − 6.17 5.07
insur 1617 0.071 0.88 − 4.37 4.26
rlest 1617 0.025 1.16 − 7.25 6.13
fin 1617 0.06 1.158 − 6.92 5.23
other 1617 0.036 0.887 − 5.25 4.65
zco 1617 0 1 − 1.879 8.112
zno2 1617 0 1 − 1.987 6.472
zozone 1617 0 1 − 1.437 6.301
zpm25 1617 0 1 − 2.187 5.66
zso2 1617 0 1 − .987 10.683
pc1 1617 0 1.466 − 3.377 8.737
pc2 1617 0 1.083 − 4.123 6.281
pc3 1617 0 0.841 − 4.067 7.986
pc4 1617 0 0.74 − 3.124 5.331
pc5 1617 0 0.65 − 2.022 5.19

Table 2   Proportion of variance explained by components

Component Eigenvalue Difference Proportion Cumulative

Comp1 2.148 0.975 0.430 0.430
Comp2 1.174 0.466 0.235 0.664
Comp3 0.708 0.161 0.142 0.806
Comp4 0.547 0.124 0.110 0.915
Comp5 0.423 0.085 1.000

Table 3   Loading table

Variable Comp1 Comp2 Comp3 Comp4 Comp5 Unex-
plained

zco 0.514 − 0.264 − 0.436 − 0.337 0.602 0
zno2 0.521 0.098 − 0.362 0.721 − 0.261 0
zozone 0.092 0.858 0.176 0.075 0.467 0
zpm25 0.526 0.277 0.112 − 0.564 − 0.563 0
zso2 0.424 − 0.328 0.797 0.206 0.186 0
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Table 4   Regression results

agric food soda beer smoke toys

mrf 0.771*** 0.823*** 0.686*** 0.724*** 0.733*** 0.990***

smb 0.0684 − 0.177*** − 0.353*** − 0.368*** − 0.329*** 0.433***

hml 0.0439 − 0.266*** − 0.284*** − 0.303*** − 0.319*** − 0.217**

rmw 0.137 0.416*** 0.423*** 0.422*** 0.558*** 0.331***

cma 0.178 0.803*** 0.738*** 0.633*** 0.804*** 0.252*

pc1 0.0280 0.0302** − 0.00342 0.00232 0.00774 − 0.00390
_cons − 0.0155 − 0.00306 0.00659 0.0187 − 0.00119 − 0.00947
N 1617 1617 1617 1617 1617 1617
R2 0.308 0.506 0.373 0.476 0.296 0.375

fun books hshld hlth medeq drugs

mrf 1.193*** 1.027*** 0.809*** 0.849*** 0.895*** 0.936***

smb 0.156** 0.637*** − 0.230*** 0.373*** 0.0342 − 0.0859**

hml − 0.339*** 0.0959* − 0.276*** − 0.263*** − 0.589*** − 0.641***

rmw − 0.284*** 0.284*** 0.409*** 0.0336 − 0.182*** − 0.570***

cma − 0.348*** 0.225** 0.822*** 0.139 0.187*** 0.314***

pc1 − 0.0218 − 0.0101 0.00382 0.00608 0.00123 0.00391
_cons 0.0211 − 0.0218 0.00214 0.00186 0.0250 0.00175
N 1617 1617 1617 1617 1617 1617
R2 0.584 0.659 0.587 0.448 0.713 0.716

chems rubbr txtls bldmt cnstr steel

mrf 1.106*** 0.965*** 1.094*** 1.170*** 1.180*** 1.379***

smb 0.145*** 0.389*** 0.363*** 0.587*** 0.647*** 0.758***

hml 0.172*** − 0.0959** − 0.103 0.118*** 0.232*** 0.552***

rmw 0.122** 0.236*** 0.391*** 0.292*** 0.246*** 0.0429
cma 0.287*** 0.278*** − 0.00806 0.354*** 0.218** 0.581***

pc1 0.00651 0.00375 0.0222 − 0.00296 0.0114 − 0.00451
_cons − 0.0110 0.00683 − 0.00813 − 0.00777 − 0.0122 − 0.0327
N 1617 1617 1617 1617 1617 1617
R2 0.725 0.689 0.439 0.801 0.636 0.622

fabpr mach elceq autos aero ships

mrf 1.234*** 1.222*** 1.162*** 1.159*** 1.077*** 1.198***

smb 1.088*** 0.339*** 0.395*** 0.415*** − 0.0168 0.686***

hml 0.472*** 0.252*** 0.133*** 0.271*** − 0.0112 0.232***

rmw 0.121 0.206*** 0.151*** 0.229*** 0.308*** 0.197**

cma 0.181 0.251*** 0.423*** − 0.0223 0.302*** 0.435***

pc1 0.0145 − 0.00198 0.00320 − 0.00950 0.00287 0.0212
_cons − 0.0122 − 0.00997 − 0.0180 − 0.0216 0.0208 0.0136
N 1617 1617 1617 1617 1617 1617
R2 0.488 0.798 0.781 0.667 0.637 0.580

guns gold mines coal oil util

mrf 0.836*** 0.448*** 1.332*** 1.368*** 1.151*** 0.616***

smb − 0.0451 0.193 0.401*** 0.982*** − 0.0359 − 0.243***

hml − 0.262*** − 0.183 0.519*** 1.054*** 0.514*** − 0.220***

rmw 0.323*** − 0.314 − 0.0821 − 0.629** − 0.755*** 0.214***

cma 0.451*** 1.207*** 0.551*** 0.852*** 0.754*** 0.733***

pc1 − 0.00557 − 0.0239 − 0.0120 − 0.0133 − 0.00600 0.00955
_cons 0.0531** − 0.00829 − 0.0465 − 0.0926 − 0.0358 0.0134
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*p < 0.05, **p < 0.01, ***p < 0.001.

Table 4   (continued)

guns gold mines coal oil util

N 1617 1617 1617 1617 1617 1617
R2 0.395 0.038 0.497 0.272 0.629 0.324

telcm persv bussv hardw softw chips

mrf 0.878*** 1.039*** 1.050*** 1.104*** 1.047*** 1.093***

smb − 0.0551* 0.577*** 0.186*** 0.0597 − 0.126*** 0.00641
hml − 0.0347 0.0882* − 0.170*** − 0.0661 − 0.288*** − 0.0998*

rmw 0.272*** 0.240*** 0.0752** 0.0737 − 0.137*** 0.310***

cma 0.441*** 0.191** − 0.0158 − 0.189* − 0.729*** − 0.710***

pc1 0.00214 − 0.0208* − 0.00124 − 0.0147 − 0.00748 − 0.000746
_cons 0.00196 − 0.00179 0.0201** − 0.0103 0.00918 0.0161
N 1617 1617 1617 1617 1617 1617
R2 0.639 0.708 0.899 0.651 0.858 0.713

labeq paper boxes trans whlsl rtail

mrf 1.121*** 1.029*** 1.037*** 1.133*** 0.964*** 0.982***

smb 0.0932*** − 0.00293 0.203*** 0.233*** 0.326*** 0.00937
hml − 0.297*** − 0.0572 0.0636 0.117** − 0.0271 − 0.289***

rmw − 0.0845* 0.419*** 0.279*** 0.436*** 0.192*** 0.452***

cma 0.171*** 0.504*** 0.425*** 0.196** 0.327*** 0.0247
pc1 − 0.00295 − 0.000334 − 0.00471 0.0154 0.0130* 0.00675
_cons 0.0177 − 0.00635 0.00183 0.00393 − 0.00459 0.00710
N 1617 1617 1617 1617 1617 1617
R2 0.835 0.744 0.587 0.718 0.811 0.765

meals banks insur rlest fin other

mrf 0.821*** 1.059*** 0.922*** 1.098*** 1.178*** 0.959***

smb − 0.0271 0.0913*** − 0.0377 0.446*** 0.0909*** − 0.203***

hml − 0.159*** 1.025*** 0.339*** 0.125** 0.765*** 0.274***

rmw 0.259*** − 0.327*** − 0.0614 0.193*** − 0.329*** − 0.108**

cma 0.124* − 0.718*** − 0.103* 0.0348 − 0.403*** 0.255***

pc1 − 0.00404 − 0.0117 − 0.00114 0.0108 − 0.0139 0.00631
_cons 0.0210 0.0142 0.0274** − 0.0270 0.00898 − 0.00795
N 1617 1617 1617 1617 1617 1617
R2 0.625 0.879 0.780 0.674 0.859 0.779
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Appendix 2: Figures

See Figures 1, 2, 3, 4, 5, 6 and 7.
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Abstract
We examine the long-term performance of stocks appearing in the Dow Jones Sustainability Index North America. We find 
that sustainability stocks exhibit abnormal returns for 12–30 months after the index listing, while those stocks generate no 
excess returns before the index listing. Moreover, sustainability stocks experience an increase in institutional ownership after 
the index listing. However, we find no evidence that short sellers increase their position to exploit a possible overpricing for 
sustainability stocks. Overall, our analysis suggests that sustainability efforts translate into a permanent increase in demand 
for stocks, leading to the superior performance.

Keywords  Sustainable investing · ESG · Stock performance · Institutional ownership · Short sales

Introduction

According to the U.N. World Commission on Environment 
and Development, “sustainability is to meet the needs of 
the present without compromising the ability of future gen-
erations to meet their own needs.” The Union of Conser-
vation Scientists (IUCN), the United Nations Environment 
Programme (UNEP), and the World Wide Fund for Nature 
(WWF) view sustainability as “improving the quality of 
human life while living within the carrying capacity of the 
Earth’s supporting eco-systems.” Moreover, Krosinsky et al. 
(2011) suggest that sustainable investing (SI) goes beyond 
more established values-based SRI (socially responsible 
investing). SI, in their view, proactively takes into explicit 
consideration the impact of decisions on global issues such 
as pollution, resource depletion, and population growth. 
Such lofty aspirations have been embraced by individuals, 
governments, organizations, and businesses worldwide. 
Indeed, a McKinsey (2014) survey revealed that 36% of 
CEOs view sustainability as a top 3 priority.

However, the linkage between the popular acceptance 
of sustainability in practice and the evidence of actual cor-
porate value creation is still underexplored in the literature 
(Kitzmueller and Shimshack 2012). Existing empirical evi-
dence shows that the costs and benefits associated with sus-
tainability efforts are mixed. On the one hand, sustainability 
efforts can enhance firm value by providing a form of insur-
ance against adverse events and/or product market differen-
tiation (Servaes and Tamayo 2013; Eccles et al. 2014; Hong 
and Liskovich 2016; Lins et al. 2017; Albuquerque et al. 
2019). On the other hand, an increase in sustainability efforts 
can be an agency cost of firms. If firm’s managers care about 
outside stakeholders or enjoy private benefits from sustain-
ability investments, they can incur the cost of a sustainability 
commitment, regardless of operating performance (Masulis 
and Reza 2015; Cheng et al. 2016; Cronqvist and Yu 2017).1 
In this study, we contribute to ongoing efforts to fill this 
lacuna by examining the market reaction to firms that have 
been first identified as sustainability-consistent organiza-
tions. Specifically, we attempt to provide supporting evi-
dence for the positive impact of sustainability efforts on a 
firm’s market performance by examining whether firms with We thank the S&P Dow Jones Indices and SAM for providing 

us with the Dow Jones Sustainability Index North America 
constituent data.

 *	 Moonsoo Kang 
	 moonsoo.kang@brooklyn.cuny.edu

1	 Brooklyn College of the City University of New York, 2900 
Bedford Ave, Brooklyn, NY 11210, USA

2	 Hofstra University, Hempstead, NY, USA

1  Cronqvist and Yu (2017) develop a simple theoretical framework 
involving a utility-maximizing CEO with social preferences to predict 
a CEO-daughter effect in the context of corporate decision-making 
with respect to stakeholders other than a firm’s shareholders. While 
Cronqvist and Yu (2017) implicitly assume that corporate social 
responsibility efforts are the use of corporate resource not related to 
shareholders’ interest, our study attempts to argue that sustainability 
efforts indeed contribute to shareholders’ value.
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high sustainability efforts show abnormal returns after the 
sustainability index listing.

It is investors’ preferences that are propelling the trend in 
positively considering and identifying environmental, social, 
and governance practices, together with fundamental valu-
ation metrics. Thus, it is interesting to ask whether such a 
sustainable focus yields financial benefits for investors over 
either short or long periods. However, the existing litera-
ture on stock performance is inconclusive.2 In this paper, 
we reconsider this issue by examining the long-term stock 
performance of firms first added to the Dow Jones Sustaina-
bility Index (DJSI) North America. The DJSI North America 
is composed of the top 20 percent of the largest 600 stocks in 
the S&P Global Broad Market Index (BMI) in the USA and 
Canada based on their sustainability practices. The index 
selects companies “based on a comprehensive assessment of 
long-term economic, environmental, and social criteria that 
account for general as well as industry-specific sustainabil-
ity trends (http://​www.​susta​inabi​lity-​indic​es.​com).” Several 
management studies employ the DJSI to examine the effect 
of sustainability efforts on the firms’ financial performance 
in various regions and different contexts (Consolandi et al. 
2009; Doh et al. 2010; Cheung 2011; Robinson et al. 2011; 
Hawn et al. 2018). However, those studies mostly focus on 
the short-term effect of the DJSI membership.3

Our study is different from the existing management 
literature in that we attempt to provide an implication for 
investors by examining the long-term performance of sus-
tainability stocks experiencing the DJSI listing event. There-
fore, we employ the calendar-time abnormal return method 
to measure the long-term stock performance of firms first 
added to the DJSI. The calendar-time abnormal returns are 
the characteristics-adjusted monthly excess returns, devel-
oped by Daniel et al. (1997). This method is widely used to 
detect the long-term stock performance of firms experienc-
ing a specific event such as managerial decisions (Mitch-
ell and Stafford 2000) or insider trading (Jeng et al. 2003). 
Moreover, our event-study approach is different from the 
existing studies on sustainability stock performance in that 
we intend to capture the long-term performance of stocks 

newly added to the index, while the existing literature (i.e., 
Eccles et al. (2014)) estimates the buying-and-holding return 
of the entire sustainability portfolio formed periodically. We 
believe that this event-study approach allows us to clearly 
isolate the effect of the sustainability index listing on stock 
performance, compared with the zero-investment portfolio 
approach for the entire sustainability portfolio used in the 
existing research.

In our analysis, we find that stocks newly added to the 
sustainability index exhibit significantly positive abnor-
mal returns for 12–30 months. Specifically, our finding is 
economically significant as the annualized abnormal return 
ranges from 4.85 to 3.64% (or 3.84–3.78%) against the 
value-weighted benchmark (or the equal-weighted bench-
mark) over the period ranging from 12 to 30 months after the 
index listing. However, we find no evidence that sustainabil-
ity stocks generate significant excess returns for 11 months 
before firms are first added to the index, suggesting that the 
superior stock performance is triggered by the index listing. 
Therefore, the current empirical evidence is comparable to 
Eccles et al. (2014). Focusing on the organizational per-
formance of sustainability companies, Eccles et al. (2014) 
provide evidence that high sustainability companies signifi-
cantly outperform their counterparts in terms of stock mar-
ket as well as accounting performance.

In the meantime, our analysis is a long-term event study 
for the sustainability index listing in that we attempt to con-
firm that the index listing is a value-enhancing event. There-
fore, the stock price behavior after the index listing is similar 
to the “index recognition effect” which illustrates a posi-
tive stock price response to index listing (Shleifer 1986),4 
Beneish and Whaley (1996), Lynch and Mendenhall (1997), 
Wurgler and Zhuravskaya (2002), Denis et al. (2003), and 
Chen et al. (2004). However, other studies, including Harris 
and Gurel (1986), argue that an index inclusion only leads 
to a temporary price effect which should dissipate once 
the excess demand is satisfied. If sustainability efforts are 
indeed recognized through the index listing, stocks are likely 
to experience a significant price change in response to the 
sustainability index listing. Consistent with the index recog-
nition effect, our analysis shows that the sustainability index 
listing leads to a long-term, positive price change, specifi-
cally a significant abnormal return over more than one year.5

Moreover, we find an asymmetric price behavior of sus-
tainability stocks. Specifically, delisted stocks experience no 

2  Bonini and Swartz (2014) cite research by Deutsche Bank evaluat-
ing 56 academic studies that show companies with high ratings for 
environmental, social, and governance (ESG) factors have lower costs 
of debt and equity. However, Jones et  al. (2007) report a generally 
negative relationship between sustainability disclosures of Australian 
firms and abnormal returns. Bianchi and Drew (2012) report that a 
recent performance of sustainable stock indices is worse than other 
indices over the long term, while De Haan et al. (2012) report a nega-
tive relationship between corporate environmental performance and 
stock returns.
3  These studies use an event-study approach which maps stock mar-
ket reactions to news regarding the DJSI membership based on the 
cumulative abnormal daily return method (CAR).

4  Many studies address the permanent value effect attributable to 
index inclusion. See Shleifer (1986).
5  We attempt to highlight the long-term performance of sustainability 
stocks based on the calendar-time monthly abnormal return method, 
while most of the literature on the index recognition effect focuses on 
the short-term price effect using the cumulative abnormal daily return 
method (CAR).
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significant abnormal returns after the index delisting. That 
is, stocks newly added to the index show a permanent price 
increase, while delisted stocks exhibit no permanent price 
decline. This asymmetric price behavior is consistent with 
the permanent index effect. According to Chen et al. (2004), 
there is an asymmetric price response to changes to the S&P 
500 index. They argue that investor awareness increases after 
addition to the index, but awareness does not easily diminish 
after deletion from the index.

In the following analysis, we examine more carefully 
what factor drives the price behavior of sustainability stocks. 
Our analysis suggests that actual actions corresponding to 
sustainability awareness and intentions translate into an 
increase in demand for sustainability stocks by investors, 
especially institutional investors. Specifically, we find that 
sustainability stocks exhibit a significant increase in insti-
tutional ownership after firms are first added to the sus-
tainability index. The institutional ownership increases by 
0.982–4.159% over the period of 12–30 months after the 
index listing. However, we find no significant drop in insti-
tutional ownership after the index delisting. This asymmetric 
response of institutional ownership is consistent with the 
price behavior of sustainability stocks. Moreover, it is also 
documented in the literature (Chan et al. 2013; Madhavan 
2003; Cai and Houge 2008).

Finally, we conduct two additional analyses. On the one 
hand, we examine whether the sustainability index systemat-
ically picks up high-performing stocks, i.e., high-risk stocks 
which, in turn, are likely to generate high stock returns. On 
the other hand, we also investigate if sophisticated short sell-
ers increase their position to exploit a possible overpricing 
after the index listing. In the analysis, we find no evidence 
that risk characteristics such as capitalization, book-to-
market ratio, or volatilities contribute to the superior per-
formance. However, the analysis shows that sustainability 
stocks exhibit a higher Sharpe ratio than non-sustainability, 
suggesting that sustainability stocks are superior performers 
in the mean–variance space. We also find that sustainability 
stocks experience no significant change in monthly short 
interest level around index listing/delisting. After all, the 
robustness analysis confirms that the abnormal performance 
is indeed driven by a growing demand for sustainability 
stocks and that the index recognition leads to a permanent 
price impact, not a temporary overpricing, consistent with 
our main theme.

The rest of the paper is organized as follows. In “Meth-
odology and data” section, we describe the methodology 
and data. We discuss the main analysis in “Sustainability 
and stock performance” and “Sustainability stock perfor-
mance and institutional ownership” sections. We provide 
the robustness check in “Discussions about risk character-
istics and short sale activity” section. Finally, we conclude 
in “Conclusion” section.

Methodology and data

We examine the components of the Dow Jones Sustainabil-
ity Index North America for each year from 2005 through 
2016. This index is revised every September. It is a market 
capitalization weighted, broad common stock index. Com-
panies are selected for the sustainability “indices based 
on a comprehensive assessment of long-term economic, 
environmental, and social criteria that account for general 
as well as industry-specific sustainability trends (http://​
www.​susta​inabi​lity-​indic​es.​com).” The index construc-
tion employs a rules-based methodology using primary 
research and focuses on best-in-class companies identified 
through SAM’s extensive annual corporate sustainability 
assessment of ESG attributes such as corporate govern-
ance, climate strategy, tax strategy, and supply chain 
standards to establish a total sustainability score. The DJSI 
North America is composed of the top 20 percent of the 
largest 600 stocks in the S&P Global Broad Market Index 
(BMI) in the USA and Canada based on their sustainability 
practices.

We note the merit of this classification scheme. By 
using this methodology, we reduce the degree of subjec-
tivity inherent in concluding that a firm is sustainability-
centric or not. The lack of completely standardized and 
mandated accounting rules for disclosing “sustainability” 
makes using financial statement data imprecise in gauging 
a firm’s commitment to sustainability-consistent activities 
and operations. Furthermore, sustainability is a long-term 
concept that makes the analysis of daily sustainability-
related announcements not reflective of firms that have 
an established character of sustainability-consistent prac-
tices. For example, expenditures incurred on using more 
environmental efficient inputs are a cost in the short-run 
but may produce necessary innovations that show up in 
a firm over a longer period of time. A firm announcing a 
change in operations to sustain relationships with com-
munity stakeholders may not immediately translate into 
improved monetary performance. The difficulty in clas-
sifying what constitutes a sustainability announcement 
and the nature of sustainability as a long-term concept 
with long-term consequences are challenges to applying 
any methodology that attempts to investigate the impact 
of sustainability-like activities on firm performance. Our 
paper attempts to address these challenges by document-
ing the performance of firms that have been classified as 
sustainable-consistent in their operations by a third party. 
This mitigates the degree of subjectivity in differentiating 
between sustainability and non-sustainability-consistent 
firms.

Specifically, we focus on the performance of firms that 
are added to the index. As a result, the “sustainability” 
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portfolio consists of stocks listed on the index for the first 
time. The precise sample period is October 2005 to Sep-
tember 2016. (The last firms entering the sustainability 
portfolio are added in September 2015 so that there exist 
at least one year of performance data through September 
2016.)

Table 1 summarizes the attributes of our sample. Panel A 
of Table 1 indicates that there are 1460 firm-year observa-
tions for the index during the period of 2005–2016. (Thirty-
two Canadian firm-years are excluded since they are not 
listed on the US markets.) This results in 1428 firm-year 
observations. Panel B shows that 234 firms enter the sustain-
ability portfolio. We focus only on common stocks (CRSP 
share code of 10 or 11). These are firms that are added at 

some point over the 2005–2016 period to the index. Half 
of sample stocks are gradually added to the sustainability 
portfolio over time. In contrast, total 135 firms drop out of 
the index over time. In Panel C, we show the distribution 
of firms over industries. We classify industry based on the 
Fama and French (1997) 12 industry classification using four 
digit SIC codes.

Table 2 presents the time-series average characteristics 
for the sustainability portfolio. Firm size is the logarithm 
of the market value of equity, measured in June of year t. 
Book-to-market is the logarithm of the book-to-market ratio 
of equity of fiscal year t − 1. The book value of common 
equity is obtained from the annual Compustat files (Items 
60 and 74). We use a firm’s market equity in December of 

Table 1   Construction of sustainability portfolio

The table presents the time-series average of characteristics for portfolios formed every September on the Dow Jones Sustainability Index North 
America. Sustainability portfolio consists of stocks listed for the first time on the index. The sample spans October 2005 to September 2016

Panel A: Construction of Sample

Total
# of firm-year observations 1460
Less: stocks not listed in the U. S. − 32
# of available firm-year observations 1428

Panel B: Number of Stocks

Year Index Delisted Sample

2005 111 108
2006 113 16 17
2007 120 9 13
2008 124 14 13
2009 139 10 20
2010 136 19 15
2011 143 11 13
2012 140 14 10
2013 140 19 10
2014 149 9 9
2015 145 14 6
Total 1460 135 234

Panel C: Industry Classification

Industry Sample

Consumer Nondurables/Durables 24
Manufacturing 26
Energy/Chemicals and Allied products 22
Business Equipment 28
Utilities/Telecom 27
Shops 24
Health 18
Money 33
Other 32
Total 234
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year t − 1 to measure the book-to-market ratio. Return on 
asset is the ratio of net income (Item 177) to total asset (Item 
6) of fiscal year t − 1. Return on equity is the ratio of net 
income to the book value of common equity (Items 60 and 
74) of fiscal year t − 1. We also examine several balance 
sheet items to gauge a firm’s financial status. Capital expen-
ditures (Item 128) measure corporate investment activities. 
Cash flow is income before extraordinary items (Item 18) 
plus depreciation and amortization (Item 14). Debt is long-
term debt (Item 9) plus debt in current liabilities (Item 34). 
Cash balance is cash and short-term investment (Item 1). 
All the balance sheet items are scaled by total assets as of 
fiscal year t − 1.

We also construct the control portfolio. The matching 
control portfolio is rebalanced monthly based on firm size, 
book-to-market, and momentum. Momentum is the cumula-
tive monthly return from t − 12 through t − 1. The following 

steps explain how the control portfolio is constructed. First, 
a universe of stocks is sorted based on firm size, book-to-
market, and momentum. Both firm size and book-to-market 
are measured annually based on Fama and French (1993). 
Momentum is measured monthly. The sorted stocks are then 
classified into 25 groups (= 5 size × 5 book-to-market ratio) 
annually. The breakpoints for firm size use all NYSE stocks 
that have a CRSP share code of 10 or 11 and have share 
and price data.6 We exclude closed end funds and REITs. 
The breakpoints for the book-to-market ratios use all NYSE 
stocks for which we have the market value of equity (ME) 
for December of year t − 1 and the positive book value of 
equity (BE) for the last fiscal year end in t − 1. After the 
annual classification, all the stocks are reclassified monthly 
into 5 groups based on momentum. As a result, all the 
stocks are classified into 125 groups monthly. Therefore, 
each firm in our sample (234 firms) belongs to one of 125 
groups. This classification is renewed every month. This 
group is subsequently used as the control portfolio. This 
control portfolio method is consistent with the calendar-
time portfolio (CTP) approach used by Mitchell and Stafford 
(2000). This approach is designed to match sample firms 
and control firms based on characteristics determining stock 
performance.

Table 2 shows several notable characteristics for sustain-
ability firms, compared with control firms. First, sustain-
ability firms are larger than control firms even after con-
trolling for firm size. However, the book-to-market ratio 
shows no significant difference between sustainability firms 
and control firms. Second, we see no significant difference 
in return on assets, while we find that sustainability firms 
show a higher return on equity than control firms. Third, we 
observe some evidence consistent with the extant literature. 
Sustainability firms show a higher level of operating cash 
flow and a lower level of cash balances than control firms, 
consistent with Jones et al. (2007). Interestingly, we find that 
sustainability firms use significantly higher financial lever-
age than control firms, as shown in debt-to-total asset ratios.

In Table 3, we present the average of characteristics for 
sustainability firms across industries. We follow the Fama 
and French (1997) 12 industry classification. Table 3 high-
lights distinctive characteristics for sustainability firms 
within their industry group, while Table 2 examines sus-
tainability stocks from the asset pricing point of view. We 
find several interesting attributes of sustainability firms, 
compared with their industry peers. First, sustainability 
firms are larger than their industry peer group, while their 
book-to-market ratio is lower than their peer ratio. Both 

Table 2   Descriptive statistics for sustainability portfolio

The table presents the time-series average of characteristics for port-
folios formed every September on the Dow Jones Sustainability Index 
North America. Sustainability portfolio consists of stocks listed for 
the first time on the index. A matching control portfolio is rebal-
anced monthly based on firm size, book-to-market, and momentum. 
Firm size is the logarithm of the market value of equity, measured 
in June of year t. Book- to-market is the logarithm of the book-to-
market ratio of equity of fiscal year t − 1. Momentum is the cumula-
tive monthly return in t − 12 through t − 1. Return on asset is the ratio 
of net income to asset of fiscal year t − 1. Return on equity is the ratio 
of net income to equity fiscal year t − 1. Capital expenditures (Item 
128) measure corporate investment activities. Cash flow is income 
before extraordinary items (Item 18) plus depreciation and amortiza-
tion (Item 14). Debt is long-term debt (Item 9) plus debt in current 
liabilities (Item 34). Cash balance is cash and short-term investment 
(Item 1). All these items are scaled by total assets in fiscal year t − 1. 
A standard error is reported below the average. The sample spans 
October 2005 to September 2016. Significance levels are as follows: 
1% as “***,” 5% as “**,” and 10% as “*”

Sample Control Difference

Firm size 9.672*** 9.530*** 0.142***
0.030 0.028 0.012

Book-to-market − 0.910*** − 0.930*** 0.020
0.031 0.025 0.014

Return on Asset 0.062*** 0.061*** 0.001
0.001 0.002 0.002

Return on Equity 0.688*** 0.186*** 0.503***
0.171 0.022 0.161

Capital Expenditure/Asset 0.046*** 0.049*** − 0.003***
0.001 0.001 0.001

Cash Flow/Asset 0.098*** 0.095*** 0.003**
0.001 0.002 0.001

Debt/Asset 0.255*** 0.233*** 0.022***
0.006 0.002 0.005

Cash Balance/Asset 0.119*** 0.134*** − 0.016***
0.003 0.002 0.004

6  NYSE breakpoints data for firm size and book-to-market ratio were 
obtained from the Fama–French website at: http://​mba.​tuck.​dartm​
outh.​edu/​pages/​facul​ty/​ken.​french/​data_​libra​ry.​html#​Break​points.
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Table 3   Sustainability portfolio characteristics across industry

Firm size Book-to-market

Sample Average Difference Sample Average Difference

Nondurables/Durables Non-
durables/Durables

9.750 6.217 3.533*** − 1.138 − 0.666 − 0.472***

Manufacturing 9.493 6.280 3.213*** − 1.163 − 0.735 − 0.427***
Energy/Chemicals Allied 

products
10.236 6.853 3.383*** − 1.009 − 0.738 − 0.271*

Business Equipment 10.000 5.774 4.226*** − 1.261 − 0.925 − 0.337***
Utilities/Telecom 9.472 6.893 2.579*** − 0.167 − 0.344 0.178***
Shops 9.668 6.053 3.615*** − 1.036 − 0.609 − 0.427***
Health 10.299 5.667 4.632*** − 1.392 − 1.207 − 0.185*
Money 10.197 5.867 4.330*** − 0.692 − 0.438 − 0.254***
Other 9.554 5.931 3.632*** − 0.879 − 0.767 − 0.115
Total 9.836 6.161 3.675*** − 0.942 − 0.692 − 0.251***

Return on asset Return on equity

Sample Average Difference Sample Average Difference

Nondurables/Durables Non-
durables/Durables

0.084 0.008 0.077*** 0.247 − 0.139 0.386***

Manufacturing 0.069 0.018 0.051*** 2.879a 0.027 2.852
Energy/Chemicals Allied 

products
0.082 0.013 0.069*** 0.181 0.000 0.181***

Business Equipment 0.078 − 0.034 0.112*** 0.141 − 0.186 0.327***
Utilities/Telecom 0.018 − 0.010 0.028*** 0.039 − 0.206 0.245***
Shops 0.083 0.020 0.063*** 0.182 − 0.037 0.219***
Health 0.101 − 0.187 0.288*** 0.182 − 0.679 0.861***
Money 0.021 0.011 0.009 0.144 0.018 0.103***
Other 0.064 − 0.055 0.117*** 0.145 − 0.149 0.293***
Total 0.067 − 0.019 0.088*** 0.484 − 0.131 0.625*

Capital expenditure/asset Cash flow/asset

Sample Average Difference Sample Average Difference

Nondurables/Durables Non-
durables/Durables

0.037 0.042 − 0.005 0.118 0.073 0.045***

Manufacturing 0.041 0.044 − 0.003 0.112 0.073 0.040***
Energy/Chemicals Allied 

products
0.107 0.176 − 0.070*** 0.164 0.098 0.066***

Business Equipment 0.052 0.038 0.014 0.147 0.029 0.118***
Utilities/Telecom 0.058 0.067 − 0.010*** 0.069 0.045 0.023***
Shops 0.071 0.066 0.005 0.142 0.084 0.058***
Health 0.037 0.041 − 0.003 0.153 − 0.135 0.288***
Money 0.009 0.016 − 0.006 0.027 0.017 0.011
Other 0.067 0.162 − 0.095** 0.119 − 0.084 0.202***
Total 0.055 0.073 − 0.021*** 0.113 0.023 0.090***

Debt/asset Cash balance/asset

Sample Average Difference Sample Average Difference

Nondurables/Durables Non-
durables/Durables

0.329 0.235 0.093*** 0.104 0.158 − 0.055***

Manufacturing 0.259 0.227 0.031 0.134 0.149 − 0.015
Energy/Chemicals Allied 

products
0.345 0.292 0.053 0.079 0.725 − 0.646*
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characteristics imply that sustainability stocks are not likely 
to be high-performing stocks associated with the small firm 
effect or the high book-to-market ratio effect. Second, sus-
tainability firms generate more profits than the industry aver-
age based on both return on asset and return on equity. Third, 
sustainability firms exhibit a higher level of cash flow and 
a higher financial leverage than the industry average, while 
they maintain a lower level of cash balances, consistent with 
Table 2.

Sustainability and stock performance

In the main analysis, we examine the market reaction to, 
especially stock performance of, firms that have been first 
added to the sustainability index. In particular, we hypoth-
esize that the sustainability index recognition is a value-
enhancing event, leading to an increase in stock price for 
those firms. The sustainability index recognition raises the 
awareness of a firm which proactively takes into account sus-
tainability issues in its managerial decision to meet the needs 
of potential investors and customers. Therefore, sustainabil-
ity stocks can attract investors who positively consider envi-
ronmental, social, and governance practices together with 
fundamental valuation metrics. As a result, those stocks are 
likely to show a positive price response to the index listing.

To address this issue, we employ the method widely 
accepted and designed to capture stock performance fol-
lowing an event, the calendar-time abnormal return method. 
The calendar-time abnormal returns are the characteristics-
adjusted monthly excess returns, developed by Daniel et al. 

(1997). Mitchell and Stafford (2000) and Jeng et al. (2003) 
use this method to estimate the long-term stock performance 
of managerial decisions or inside trading. The return method 
first subtracts the value or equal-weighted return of the con-
trol portfolio from the return of sustainability stocks to esti-
mate the characteristics-adjusted monthly excess returns 
for individual sustainability stocks. The average monthly 
excess return for the sustainability portfolio is then com-
puted for month t. Following this step, we calculate the time-
series average of the characteristic-adjusted monthly excess 
return for the sustainability portfolio over a J month holding 
period. This return adjustment is designed to control stylized 
factors such as firm size, book-to-market, and momentum in 
assessing stock performance.

Table 4 presents the calendar-time abnormal returns for 
the sustainability portfolio. Panel A of Table 4 reports the 
analysis for stocks newly added to the sustainability index. 
Consistent with the hypothesis, Panel A of Table 4 shows 
that stocks newly added to the index exhibit positive and sig-
nificant abnormal returns for 12–30 months at 5% one-sided 
significance level after firms are first added to the sustain-
ability index. The finding is economically significant as the 
annualized abnormal return ranges from 4.85 to 3.64% (or 
3.84–3.78%) against the value-weighted benchmark (or the 
equal-weighted benchmark) over the period ranging from 12 
to 30 months after the sustainability index listing. Beyond 
30 months, we observe weaker or insignificant excess returns 
for stocks newly added to the sustainability index. Despite 
the short sample period, this analysis suggests that the sus-
tainability index listing is indeed a value-enhancing event, 
leading to a persistent increase in stock price for those firms. 

Table 3   (continued)

Debt/asset Cash balance/asset

Sample Average Difference Sample Average Difference

Business Equipment 0.139 0.125 0.014 0.293 0.413 − 0.121***
Utilities/Telecom 0.385 0.362 0.023 0.028 0.123 − 0.096***
Shops 0.185 0.215 − 0.030 0.153 0.146 0.006
Health 0.251 0.164 0.087*** 0.199 0.545 − 0.346***
Money 0.223 0.292 − 0.070 0.236 1.816 − 1.580***
Other 0.277 0.823 − 0.564 0.121 0.644 − 0.531***
Total 0.264 0.322 − 0.059 0.146 0.566 − 0.420***

The table presents the average of characteristics for portfolios formed every September on the Dow Jones Sustainability Index North America 
across industry based on the Fama and French (1997) 12 industry classification. Sustainability portfolio consists of stocks listed for the first time 
on the index. Firm size is the logarithm of the market value of equity, measured in June of year t. Book-to-market is the logarithm of the book-
to-market ratio of equity of fiscal year t − 1. Return on asset is the ratio of net income to asset of fiscal year t − 1. Return on equity is the ratio 
of net income to equity of fiscal year t − 1. Capital expenditures (Item 128) measure corporate investment activities. Cash flow is income before 
extraordinary items (Item 18) plus depreciation and amortization (Item 14). Debt is long-term debt (Item 9) plus debt in current liabilities (Item 
34). Cash balance is cash and short-term investment (Item 1). All these items are scaled by total assets in fiscal year t − 1. The sample spans 
October 2005 to September 2016. Significance levels are as follows: 1% as “***,” 5% as “**,” and 10% as “*”
a The number is due to the fact that Lockheed Martin shows a dramatic decrease in its equity in the fiscal year of 2012. In 2017, the common 
equity capital for Lockheed Martin is even negative
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Moreover, this analysis also confirms the existing study 
addressing the positive effect of sustainability efforts on the 
market value of sustainability firms, such as Eccles et al. 
(2014).

In Panel A of Table 4, we also report the performance 
of sustainability stocks prior to the index listing to check 
whether sustainability stocks persistently outperform non-
sustainability stocks even before they join the index. How-
ever, the analysis shows that sustainability stocks generate 
no significant excess returns for 11 months before firms are 
first added to the sustainability index. In other words, this 
analysis suggests that the superior performance of sustain-
ability stocks is triggered by the index recognition event, 
not due to any characteristics associated with sustainability 
stocks.

Panel B of Table 4 shows the reaction of stock price to 
the index delisting. According to Table 1, the index drops 
total 135 firms over time. If the sustainability index listing 
is a value-enhancing event, the index delisting might result 
in a decrease in stock price or at least no excess returns 
for those firms. Therefore, we investigate this possibility by 
estimating excess returns after firms are first delisted from 
the sustainability index. Panel B of Table 4 shows that del-
isted stocks show no excess returns after firms are excluded 
from the index, while they experience an insignificant stock 
price drop during the revision period, as shown in month = 0. 
Interestingly, delisted stocks exhibit no excess returns over 
the 11-month period even before the index delisting. In fact, 
this asymmetric behavior of stock price is consistent with 
the literature on the index recognition effect. According to 
Chen et al. (2004), there is an asymmetric price response to 

changes to the S&P 500 index. That is, stocks newly added 
to the S&P 500 index show a permanent price increase, 
while deleted stocks exhibit no permanent price decline. 
A possible explanation is based on the change in investor 
awareness. They argue that investor awareness permanently 
increases after stocks join the index that investors pay atten-
tion to, but their awareness does not easily diminish even 
after those stocks are excluded from the index due to any 
reason. Therefore, as long as the sustainability index listing 
is a permanent value-enhancing event, the index delisting 
does not devalue sustainability stocks due to an increase 
in investor awareness, resulting in no significant change in 
stock price for those firms.

Overall, the evidence shows that an integrated selec-
tion procedure that augments financial considerations with 
high sustainability standards produces superior investment 
returns. In particular, the sustainability index listing is a 
value-enhancing event and leads to a permanent increase in 
stock price by raising the interest of investors in sustainabil-
ity firms. Therefore, our analysis is consistent, in spirit, with 
the literature on the index recognition effect which illustrates 
a positive stock price response to the index listing (Shleifer 
1986). In addition to Chen et al. (2004), Chan et al. (2013) 
consider the impact of inclusion/exclusion in the S&P 500 
on stock returns, while both Madhavan (2003) and Cai and 
Houge (2008) analyze the effect of the Russell index addi-
tion/deletion. However, our study is different from the exist-
ing studies on the index effect in that we analyze the rela-
tively long-run performance of stocks following their index 
inclusion by employing the calendar-time abnormal return 
method. Moreover, our analysis also confirms the permanent 

Table 4   Calendar-time abnormal returns for stocks after sustainability listing/delisting

The table presents the time-series average of the Daniel et al. (1997) characteristic-adjusted monthly excess returns over the period of J-months 
after stocks are added to/dropped from the Dow Jones Sustainability North America Index every September. A matching benchmark portfolio is 
rebalanced monthly based on firm’ size, book-to-market, and momentum. Firm size is the logarithm of the market value of equity, measured in 
June of year t. Book-to-market is the logarithm of the book-to-market ratio of equity of fiscal year t − 1. Momentum is the cumulative monthly 
return in t − 12 through t − 1. A t-statistic is reported below returns. The sample spans October 2005 to September 2016. Significance levels are 
as follows: 1% as “***,” 5% as “**,” and 10% as “*”

Panel A: Stocks added to the index for the first time and held for J-months

J = − 11 − 6 0 6 12 18 24 30 36

Value-weighted benchmark 0.091 0.051 − 0.484 0.273 0.404 0.416 0.410 0.303 0.198
0.43 0.18 − 0.65 0.89 1.77* 2.00** 2.06** 1.73* 1.41

Equal-weighted benchmark 0.093 0.065 − 0.036 0.205 0.320 0.358 0.407 0.315 0.212
0.57 0.32 − 0.09 0.77 1.74* 2.14** 2.41*** 2.16** 1.93*

Panel B: Stocks dropped from the index for the first time and held for J-months

J = − 11 − 6 0 6 12 18 24 30 36

Value-weighted benchmark 0.215 0.077 − 2.156 − 0.043 0.226 0.113 − 0.130 − 0.206 − 0.198
0.80 0.19 − 1.72* − 0.11 0.57 0.30 − 0.52 − 0.91 − 1.10

Equal-weighted benchmark 0.075 − 0.056 − 1.320 0.168 0.363 0.219 − 0.027 − 0.085 − 0.107
0.33 − 0.17 − 1.53 0.47 1.00 0.63 − 0.11 − 0.39 − 0.60
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value effect of the index listing, compared with the tempo-
rary price effect proposed by Harris and Gurel (1986).

Sustainability stock performance 
and institutional ownership

In the following analysis, we investigate what economic fac-
tor drives the superior performance of sustainability stocks. 
Specifically, we examine whether the abnormal performance 
is driven by a growing interest in sustainability stocks. In 
fact, the current market trend supports this hypothesis. 
Recent trends point to a growing interest in sustainability 
stocks as an investment allocation. For example, according 
to Bloomberg, “mainstream investment firms are rushing 
into ‘sustainable investing,’ also known as SRI (socially 
responsible investing) and ESG (environment, social, and 
corporate governance).” In the period from 2012 to 2014, 
the number of US investment funds integrating ESG criteria 
increased by 28 percent and their assets more than quadru-
pled to $4.3 trillion. BlackRock, the largest money manager 
in the world, started its sustainability-oriented BlackRock 
Impact US Equity Fund on October 13, 2015. (https://​www.​
bloom​berg.​com/​news/​artic​lesES​Gcrit​eriai​ncrea​sed/​2015-​
10-​21/​susta​inable-​inves​ting-​is-​boomi​ng-​is-​it-​smart-). In 
the meantime, the integration of sustainability and ESG 
criteria into investment management practice and educa-
tion has been validated by the CFA Institute. The following 
quote from the CFA Institute, Environmental, Social and 
Governance Issues in Investing: A Guide for Investment 
Professionals, 2015 reflects this emphasis: “For investment 
professionals, a key idea in the discussion of ESG issues is 
that systematically considering ESG issues will likely lead 
to more complete investment analyses and better-informed 
investment decisions.” Considering this trend, we conjecture 
that the sustainability index listing leads to an increase in 
investor interest in those stocks, resulting in an increase in 
demand by institutional investors after firms are newly added 
to the sustainability index.

According to the literature (Madhavan 2003), there are 
two possible explanations for the index recognition effect: 
the liquidity approach and the value approach. On the one 
hand, the liquidity approach argues that transitory order 
imbalances associated with index additions and deletions are 
the primary source of price movements. So, the price effect 
will disappear once excess demand is satisfied. On the other 
hand, the value approach suggests that the index itself is a 
source of value, possibly because of changes in information 
flows or liquidity. Therefore, the price effect will be perma-
nent even after stocks lose the index membership. Therefore, 
given the continuing trend of incorporating sustainability 
criteria with conventional financial metrics, we hypothesize 
that sustainability awareness leads to a permanent increase 

in demand for sustainability stocks by investors, especially 
institutional investors. As the sustainability index recogni-
tion enhances firm value, we expect to observe a significant 
increase in institutional ownership after stocks are newly 
added to the sustainability index, but we anticipate no sig-
nificant change in institutional ownership after the index 
deletion, consistent with the asymmetric price behavior of 
sustainability stocks as shown in the previous section.

The following illustrates the method to measure a change 
in institutional ownership of sustainability stocks after the 
index listing/delisting. First, we obtain the September insti-
tutional ownership data from the 13F filings in the CDA 
Spectrum database to measure a baseline ownership because 
the sustainability index is revised every September. Sec-
ond, we calculate the average percentage change in institu-
tional ownership of sustainability stocks over the period of 
3–36 months after the index listing. Third, we also examine 
the same metric for stocks delisted from the index to illus-
trate the reaction of institutional investors to the event which 
is similar in nature but opposite in direction to the index 
listing event. Table 5 presents the analysis.

Panel A of Table 5 presents the percentage change in 
institutional ownership after firms are newly added to the 
sustainability index. The analysis suggests that actual actions 
corresponding to sustainability awareness lead to an increase 
in demand for sustainability stocks by institutional investors, 
supporting our hypothesis. Specifically, we find that sustain-
ability stocks exhibit a significant increase in institutional 
ownership after the index listing. The institutional ownership 
significantly increases by 0.982% for 12 months. Moreover, 
we observe a persistent increase in institutional ownership 
over the period of 24 to 30 months, 2.740 to 4.159%.7 A 
continuous presence in the index for some sustainability 
stocks can contribute to the persistence in the ownership 
trend beyond annual index revision.8

Panel B of Table 5 shows the change in institutional 
ownership after the index delisting. We find no significant 
change in institutional ownership for sustainability stocks 
after the index delisting. Specifically, the institutional owner-
ship decreases by an insignificant degree of − 0.887% for the 
first 12 months after the index delisting. Over the subsequent 
period, we observe a similar insignificant change in institu-
tional ownership of 0.010–0.758% for 24–36 months. This 
pattern is in a striking contrast to a change in institutional 
ownership in response to the index listing for sustainability 

7  We still obtain a similar but weak result when we separate the ini-
tial listing of 108 firms from the subsequent listing of 126 firms. The 
result is available upon request.
8  A secular trend in institutional ownership can partially explain an 
increase in the ownership for sustainability stocks. However, this 
explanation is inconsistent with the analysis for delisting stocks in 
Panel B of Table 5.
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stocks, as shown in Panel A of Table 5. Therefore, this 
evidence is consistent with the hypothesis. Moreover, this 
asymmetric behavior of institutional investors is well docu-
mented in the permanent index effect associated with many 
indices. Chan et al. (2013) address that addition to the S&P 
500 index leads to a permanent increase in institutional 
ownership, while deletion has no significant effect on the 
institutional ownership.

Overall, we find that the sustainability index listing boosts 
the demand for stocks which proactively take into account 
sustainability issues in their managerial decision to meet 
the needs of potential investors, especially of institutional 
investors who value sustainability awareness and efforts. 
Moreover, we find no significant decrease in institutional 
ownership after the index delisting. After all, the current 
analysis provides a nice explanation for the empirical evi-
dence that sustainability stocks exhibit a superior perfor-
mance over the period of at least 30 months after the index 
listing and experience no significant price drop even after 
the index delisting, supporting the asymmetric stock price 
response to changes to the index membership, as shown in 
the previous section.

Discussions about risk characteristics 
and short sale activity

In the next analysis, we investigate two interesting issues. 
First, we examine whether the superior performance of 
sustainability stocks is driven by any risk characteristics. 
Second, we also attempt to analyze the behavior of sophisti-
cated investors, especially short sellers, around sustainability 
index listing/delisting.

The intuition for the first analysis is as follows. If the 
superior performance of sustainability stocks was due to 
their risk profile, the positive abnormal return would be 

attributable to their higher risk exposure, not to an increase 
in demand for sustainability stocks by investors. So, we 
investigate the risk-based alternative explanation. In par-
ticular, we compare sustainability stocks with the control 
portfolio of non-sustainability stocks by analyzing four 
volatility measures: daily return volatility, CAPM beta, and 
two idiosyncratic volatilities based on CAPM and the Fama 
and French (1993) three-factor model, respectively. In addi-
tion, we also measure the Sharpe ratio to examine the risk-
adjusted performance of sustainability stocks compared with 
non-sustainability stocks.9

Table 6 summarizes the empirical analysis. Overall, 
the analysis shows that the superior performance of sus-
tainability stocks is not attributable to their higher risk 
exposure. In other words, sustainability stocks are charac-
terized by lower, not higher, risk than their counterparts. 
Specifically, daily return volatility and CAPM beta are 
0.017 and 1.004 for the sustainability portfolio, while the 
same metrics are 0.032 and 1.398 for the control portfo-
lio. Similarly, the CAPM and Fama–French idiosyncratic 
volatilities are 0.076 and 0.074 for sustainability stocks, 
while they are 0.128 and 0.126 for the non-sustainability 
counterparts, respectively. Moreover, this evidence is also 
consistent with characteristics of sustainability stocks, as 
shown in Tables 2 and 3. According to the descriptive 
statistics in Tables 2 and 3, sustainability firms are larger 
than non-sustainability stocks, while their book-to-market 
ratio is lower than the industry average. In the meantime, 
the analysis also shows that sustainability stocks exhibit 
a higher Sharpe ratio than non-sustainability stocks, 
as shown in the last column of Table 6. This suggests 
that sustainability stocks are superior performers in the 
mean–variance space where we consider reward and risk 

Table 5   Change in institutional ownership after sustainability listing/delisting

The table presents the percentage change in institutional ownership over the period of J-months after stocks are listed on or delisted from the 
Dow Jones Sustainability Index North America. The baseline ownership is calculated in September because the Dow Jones Sustainability North 
America Index is revised every September. A t-statistic is reported below. The sample spans October 2005 to September 2016. Significance lev-
els are as follows: 1% as “***,” 5% as “**,” and 10% as “*”

Panel A: Sustainability Index Listing

J = 3 6 9 12 18 24 30 36

Percentage Change (%) 0.541 0.915 1.253 0.982 2.368 2.740 4.159 1.700
1.06 2.20** 3.13*** 2.32*** 4.46*** 3.64*** 5.70*** 2.82***

Panel B: Sustainability Index Delisting

J = 3 6 9 12 18 24 30 36

Percentage Change (%) 0.062 0.155 0.704 − 0.887 0.289 0.010 − 0.911 0.758
0.11 0.23 0.95 − 0.82 0.41 0.01 − 0.81 0.88

9  We would like to thank the referee for suggesting this analysis.
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simultaneously. Taken together, sustainability stocks are 
not characterized with a high-risk profile but with a high 
potential for risk-adjusted performance.

The next analysis focuses on the reaction of smart money 
or the behavior of sophisticated investors when stocks join 
the sustainability index or when stocks drop out of the index. 
Suppose that the market overreacted to the sustainability 
index inclusion of stocks and thus sustainability stocks 
were temporarily overpriced. Then, we would expect that 
sophisticated arbitragers exploit the arbitrage opportunity by 
shorting sustainability stocks after the index listing. In other 
words, we explore the market overreaction hypothesis. We 
investigate this issue by examining monthly short interest, 
defined as the number of shares short relative to a number 
of outstanding shares. In particular, we measure a baseline 
monthly short interest of sustainability stocks in September 
and calculate the average change in short interest over the 
period of 1–36 months after the index listing, similar to the 
analysis for institutional ownership change. We also examine 
the same metric for stocks delisted from the sustainability 
index.

Table 7 presents the analysis. Overall, the analysis shows 
no significant change in short interest for sustainability 
stocks after the index listing or delisting. In other words, 
sophisticated short sellers do not change their position in 
response to the index membership change. On one hand, 
sustainability stocks experience no significant increase in 
short sale activity after they join the index listing. For exam-
ple, short interest insignificantly fluctuates with a decrease 
of 0.001% for 1–6 months and an increase of 0.001% for 
12–24 months, respectively, as shown in Panel A of Table 7. 
This short sale trend is in contrast to the abnormal perfor-
mance of sustainability stocks over the same period after the 
index listing, as shown in Panel A of Table 4. On the other 
hand, we find a small but insignificant decrease in short 
interest for 1–3 months after stocks are delisted from the 
sustainability index, as shown in Panel B of Table 7. Taken 
together, our analysis for short interest suggests that short 
sellers are not interested in the sustainability index change 
or they take no arbitrage action to exploit a temporary over-
pricing because they agree that the index recognition has a 
permanent impact on price, consistent with our main theme.

Table 6   Volatility and Sharpe 
ratio analysis for sustainability 
stocks

The table presents volatility and Sharpe ratio. Volatility measures include the average percentage daily 
return volatility over prior year, the average CAPM beta, the average percentage residual volatility from 
regressing 60-month excess returns on the market excess return or the Fama and French (1993) three fac-
tors: market excess return (rm − rf), small stock returns minus large stock returns (SMB), and high book-
to-market stock returns minus low book−to−market stock returns (HML). rp, t − rf, t = α + β1 (rm, t − rf, 
t) + β2 SMB+ β3 HML+ ε p, t Sustainability stocks are selected September on the Dow Jones Sustainabil-
ity North America Index. The sample spans October 2005 to September 2016

Volatility for sustainability/non-sustainability stocks

Daily return 
volatility

CAPM beta CAPM idi-
osyncratic 
risk

Fama–French idi-
osyncratic risk

Sharpe ratio

Sustainability stocks 0.017 1.004 0.076 0.074 0.128
Non-sustainability stocks 0.032 1.398 0.128 0.126 0.087

Table 7   Change in short interest after sustainability listing/delisting

The table presents the percentage change in short interest over the period of J-months after stocks are listed on or delisted from the Dow Jones 
Sustainability Index North America. Short interest is defined as a number of shares shorted to a number of outstanding shares in month t. The 
baseline short interest is calculated in September because the Dow Jones Sustainability North America Index is revised every September. A 
t-statistic is reported below. The sample spans October 2005 to September 2016. Significance levels are as follows: 1% as “***,” 5% as “**,” and 
10% as “*”

Panel A: Sustainability Index Listing

J = 1 2 3 6 9 12 18 24 30 36

Percentage Change (%) − 0.001 − 0.001 − 0.001 − 0.001 0.001 0.001 0.000 0.001 0.008 0.012
− 1.17 − 0.90 − 1.37 − 1.01 0.64 0.55 0.19 0.65 2.74*** 3.38***

Panel B: Sustainability Index Delisting

J = 1 2 3 6 9 12 18 24 30 36

Percentage Change (%) − 0.002 − 0.003 − 0.001 0.001 0.001 0.002 0.005 0.010 0.008 0.009
− 1.23 − 1.65* − 0.58 0.41 0.41 0.66 0.96 1.73* 1.36 1.90*
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In summary, our risk analysis concludes that the supe-
rior performance of sustainability firms is not attributable to 
any risk characteristics associated with those stocks. How-
ever, sustainability stocks are superior performers in the 
mean–variance space, suggesting that sustainability stocks 
are not characterized with a high-risk profile but with a high 
potential for risk-adjusted performance. Moreover, our short 
sale analysis implies that the sustainability index listing is 
not consistent with the market overreaction hypothesis.

Conclusion

We find that a persistent dedication to meeting challenging 
sustainability criteria does not hinder stock performance. 
Specifically, we suggest that the sustainability index listing 
boosts the demand of institutional investors who value sus-
tainability awareness and efforts, significantly contributing 
to the abnormal performance of sustainability stocks. We 
also confirm that the superior performance of firms satisfy-
ing the extensive and detailed screening required for DJSI 
inclusion is not attributable to any systematic factor, such as 
high volatility or high risk characteristics related to the size 
effect and the book-to-market effect. Lastly, we find no evi-
dence that sophisticated short sellers take an arbitrage action 
to exploit a possible overpricing after the index listing.

This analysis clearly has implications for corporate 
managers as well as for investors. For managers, the addi-
tional costs of enhancing firm sustainability efforts are not 
detrimental to firm performance. For investors, a holistic 
approach that considers sustainability and ESG criteria 
with conventional financial metrics produces enhanced 
investment performance. This analysis is also of practical 
significance and points to future directions for sustainability 
and ESG integration research. The framework employed by 
SAM in conducting their corporate sustainability assess-
ment includes a Media and Stakeholder Analysis (MSA) 
that is a structured, comprehensive, and apparently effec-
tive approach in identifying improved risk-return investment 
opportunities.

In sum, our paper contributes to the literature document-
ing the connection between firm sustainability efforts and 
stock performance by injecting some empirical insights into 
the literature.
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Abstract
Empirically, stocks with a good environmental, social, or governance (ESG) rating tend to earn higher returns than stocks 
with a low rating. In contrast, the expected returns of high-ESG stocks are primarily lower than those of low-ESG stocks. 
The difference between realized and expected returns in the ESG domain constitutes a puzzle which we will address in this 
paper. Applying a return decomposition, we find that the puzzle can be explained by discount rate news. We find that discount 
rates of high-ESG stocks have fallen relative to low-ESG stocks. However, discount rate news does not reflect changes in 
risk; rather, discount rate news is systematically related to the demand of investors who have ESG preferences.

Keywords  Expected returns · Realized returns · Cash-flow news · Discount rate news · ESG · Sustainable investing

JEL Classification  G12 · G30

Introduction

Socially responsible investing (SRI) has grown substantially 
over the recent years. According to the Financial Times (FT 
2018), assets under management in funds that use environ-
mental, social, or governance (ESG) screens have grown 
more than 600 percent to $23tn in the ten years to the end 
of 2016. Even conventional asset managers nowadays pay 
attention to ESG information (e.g., van Duuren et al. 2016). 
The general trend toward ESG investing shows that investor 
demand may potentially be driven by non-financial issues, 
such as social and ecological characteristics. This view is 
in contrast to the classical approach of asset management, 
which relies on the assumption that only financial issues, 
such as risk and return, are considered. In their theoretical 
approach, Fama and French (2007) describe how investor 
demand arising from non-financial factors may affect asset 

prices. Using their model’s implications, we investigate the 
relation between ESG scores and stock returns from a novel 
perspective, which we call the ESG return puzzle. This phe-
nomenon refers to the observation that realized stock returns 
tend to be positively related to ESG, while expected returns 
tend to be negatively related to ESG.

In efficient capital markets, return realizations should 
equal their expectations in the long-run (e.g., Fama 1991). 
In limited sample periods, however, a deviation of realized 
returns from expected returns (i.e., an unexpected return) 
can be explained by unexpected news (e.g., Campbell 
and Shiller 1988). In the context of the ESG return puz-
zle (unexpected returns tend to be positive), two potential 
news channels should be observed. First, cash-flow news 
suggests that high-ESG stocks should deliver positive sur-
prises about future cash flows relative to low-ESG stocks. 
It should be noted that it is not the level of future cash-flow 
growth but expectations about how growth will change that 
drive the unexpected returns. There is theoretical support 
for such a cash-flow channel from the stakeholder theory 
approach (e.g., Jensen 2002). For example, customers may 
be more loyal to high-ESG companies and potentially pay 
higher prices. If the ESG preferences of customers increase 
over time, more individuals may pay higher prices, and this 
mechanism will lead to an upward revision of cash-flow 
expectations of a firm. Second, unexpected returns can also 

Larry Fink (CEO Blackrock): “Sustainable investing will be a 
core component for how everyone invests. We are only at the early 
stages.” FTfm, 19 Nov. 2018, page 6.
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be driven by discount rate news. High-ESG stocks could 
realize higher returns than expected if investors apply an 
unexpectedly decreasing discount rate. Such a decrease in 
the discount rate can be attributed to two different mecha-
nisms. The first of these relates changes in the discount rate 
to changes in the risk characteristics of a firm. There is some 
theoretical support for this risk mechanism, since a firm’s 
ESG strategy may reduce the risk of reputation losses and/
or potential litigation costs. The second mechanism relates 
changes in discount rates to investor preferences. If investors 
have preferences for environmental, social, and/or govern-
mental issues (i.e., unrelated to standard financial prefer-
ences, such as risk and return) their demand will have an 
impact on a firm’s stock price and, ultimately, on its discount 
rate. This is the main argument of Fama and French (2007). 
Analyzing and modeling non-financial tastes has attracted a 
rising attention in recent years. Pastor et al. (2020), Oehmke 
and Opp (2020) and Zerbib (2020) propose models in which 
agents have tastes for ESG stocks and analyze their impli-
cations on the discount rate. These classes of taste models 
imply a higher valuation and lower expected returns of ESG 
stocks. In sum, we address the ESG return puzzle by analyz-
ing the cash-flow channel and the discount rate channel and 
distinguish the latter into a risk mechanism and a demand 
mechanism. This approach helps us to explain why real-
ized returns differ from expected returns over periods dur-
ing which the demand for ESG assets changes. Thereby, the 
decomposition may also help to forecast what returns for 
high versus low-ESG stocks can be expected in the future.

Empirically, we examine the two channels of the ESG 
return puzzle in the US stock market. Using a large sam-
ple of US companies from 2008 to 2018, we form a hedge 
portfolio which is long in high ESG stocks and short in low 
ESG stocks (hereafter: HL portfolio). Consistent with most 
previous empirical evidence (e.g., Kempf and Osthoff 2007; 
Li et al. 2019), the HL portfolio earns a positive realized 
return which equals about 2% p.a. We also find a negative 
expected return of about − 0.5% p.a. for the HL portfolio 
which is which is about the same level reported by earlier 
studies such as, for example, Chava (2014) or El Ghoul et al. 
(2011, 2018).

We then analyze the cash-flow and discount rate channels 
of the unexpected return (i.e., difference between realized 
and expected return). We find no evidence that the cash-flow 
channel is able to explain a positive unexpected return of 
the HL portfolio. If at all, cash-flow news tends to make the 
unexpected return of the HL portfolio even larger. That is, 
cash-flow expectations of the HL portfolio are not revised 
upward. The discount rate channel, however, does provide 
an explanation for the ESG return puzzle. We find that dis-
count rates of the HL portfolio have fallen over the sample 
period. We further show that the discount rate channel can 
be explained by investor demand but not by time varying 

risk attributes. To be specific, we find that an increasing 
share of investors with ESG preferences is positively cor-
related with a decreasing discount rate of the HL portfolio. 
This observation is compatible with the theoretical view of 
Fama and French (2007) that the demand of ESG investors 
drives prices of high-ESG stocks upward and, therefore, 
lowers their discount rates. In contrast, the risk mechanism 
does not receive empirical support, since we find that, on 
average, H stocks are less risky than L stocks are. In sum, 
the empirical results are compatible with the view that some 
investors have non-financial preferences linked to ESG. This 
view implies that expected future returns on the HL portfolio 
will be considerably lower than realized past returns if the 
demand for ESG stocks does not increase further. Several 
robustness checks provide evidence that the main conclu-
sions are rather robust.

Our paper makes three main contributions. First, we apply 
the return decomposition approach of Campbell and Shiller 
(1988) to an ESG portfolio for the first time. Therefore, we 
are able to provide direct evidence of why the unexpected 
return of the HL portfolio is positive. Second, we provide 
evidence that the ESG return puzzle can mainly be described 
by discount rate news, while cash-flow news makes the puz-
zle—if at all—worse. Third, we link discount rate news of 
the HL portfolio to a risk channel and a demand channel. 
Our findings are compatible with the view that investor 
demand for ESG assets is strongly related to discount rate 
news. We therefore provide direct empirical support for the 
existence of a demand channel which has been suspected 
previously but not directly documented (e.g., Galema et al. 
2008).

The paper is organized as follows. Section 2 provides a 
literature review of the expected and realized return of stocks 
in relation to ESG characteristics. In Section 3, we present 
the theoretical approach of how the ESG return puzzle is 
analyzed in this paper. Empirical issues are addressed in 
Section 4, and Section 5 presents the empirical results. Sec-
tion 6 concludes the paper.

Literature review

The relation between stock returns and ESG characteristics 
has been extensively analyzed. We summarize the main find-
ings documented in the literature that addresses the ESG 
return puzzle, i.e., the relation between ESG scores and 
stock returns (realized and expected).

ESG and realized returns

Empirical research on the US stock market supports the 
views that stocks with a good ESG rating tend to deliver a 
higher return than those with a bad rating. In a widely cited 
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study, Kempf and Osthoff (2007) analyze a long/short strat-
egy using KLD ratings (now MSCI) over the period from 
1992 to 2004. They analyze different dimensions of ESG 
and combine them into an overall ESG score. A long/short 
portfolio which buys the best 5% (50%) of stocks and sells 
the worst 5% (50%) results in a risk-adjusted return of up to 
8.70% (0.95%) per year. Their empirical results are close 
to ours reported below. The positive risk-adjusted return 
of ESG stocks also extends to other countries (e.g., Bauer 
et al. 2004; Brzeszczynski and McIntosh 2014). More recent 
studies include more detailed explanations for the positive 
abnormal investment return of ESG stocks. Eccles et al. 
(2014) argue that a potential explanation is that companies 
with a high sustainability score have better organizational 
processes in place than companies with low scores. Choi 
et al (2020) discuss that attention to specific ESG issue is 
a potential driver of returns. They find that carbon-inten-
sive stocks tend to underperform when attention to climate 
change is high (as measured by Google search volume).

Although a larger number of studies support the main 
conclusion that ESG is positively related to realized returns 
of individual stocks,1 there is also empirical evidence that a 
particular dimension of social irresponsibility, so-called sin 
stocks (e.g., alcohol, tobacco, and gaming), have earned a 
positive risk-adjusted return. Hong and Kacperczyk (2009) 
document that over the period 1965–2006, sin stocks out-
performed comparable non-sin stocks by 26 basis points per 
month. The sin dimension seems to include environmental 
issues recently since the study of Bolton and Kacperczyk 
(2020) finds higher average stock returns for firms with 
higher carbon emissions.

ESG and expected returns

Expected returns of ESG stocks are more difficult to analyze, 
since they cannot be directly observed. To obtain estimates 
for the expected return, many studies use the forward look-
ing concept of the implied cost of capital that was introduced 
by Claus and Thomas (2001) and Gebhardt et al. (2001). 
In the context of ESG, El Ghoul et al. (2011) analyze the 
implied cost of capital of a large sample of US firms from 
1992 to 2007. Their study suggests that high-ESG compa-
nies (above median scores) have an expected return which is 
between 43 and 78 bps lower than that of low-ESG compa-
nies. In a recent study, El Ghoul et al. (2018) confirm these 
observations for a large sample of manufacturing firms from 

30 countries. Focusing on the environmental profile of a 
company, Dhaliwal et al. (2020) report that the cost of equity 
tends to fall if a firm voluntarily reports on its social respon-
sibility activities. Looking at bonds, ex ante cost of capi-
tal measures are easier to observe. Zerbib (2019), provides 
supporting evidence that the cost of debt is lower for green 
bonds relative to conventional bonds for example, although 
the difference is rather small (i.e., two basis points). How-
ever, these studies are not able to explain the ESG return 
puzzle, since they focus on the level of discount rates and 
not on the changes therein. From a theoretical point of view 
(see Merton 1973; Campbell and Vuolteenaho 2004), the 
consideration of discount rate news is, however, necessary 
to provide a complete picture of why the unexpected return 
of the HL portfolio is positive.

There are two different approaches to explain why good-
ESG companies should have a lower cost of capital. The first 
approach argues that an ESG policy leads to a lower level of 
downside risk. For example, Hong and Kacperczyk (2009) 
argue that companies involved in “sin” businesses experi-
ence substantial litigation risk which should be reflected in a 
higher cost of capital. An alternative channel for explaining 
a lower downside risk is customer loyalty (e.g., Albuquer-
que et al. 2019). A higher loyalty may give companies more 
pricing power which finally reduces a firm’s risk profile. 
Empirical support for such a downside risk channel is given, 
for example, by Ilhan et al. (2020). They find that carbon risk 
can be attributed to tail risk.

A second approach relates a company’s cost of capital 
to investor preferences and tastes. A key assumption in the 
taste models is that agents derive utility in two forms. One 
reflects traditional financial utility (i.e., high return and low 
risk), the second is a non-financial (e.g., ethical) benefit. 
That is agents are happy to hold assets with positive ESG 
characteristics although they know that they have to sacri-
fice expected returns. Loosely speaking, investors make two 
trade-offs: risk versus return and a good conscience versus 
return. Riedl and Smeets (2017) provide empirical support 
for the latter trade-off. An early example of a taste model is 
Fama and French (2007). They analyze the effects of non-
pecuniary tastes in a model with two investor types. The 
first investor has standard financial preferences, while the 
second investor has additional preferences for non-financial 
factors (such as tastes for ESG issues). Their model implies 
that a higher asset demand from the second type of investor 
can decrease the cost of capital for ESG firms. An alter-
native taste model is proposed by Pastor et al. (2020). In 
their model, the degree of how agents differ in their ESG 
preferences is key to explain a firm’s cost of capital. In 
equilibrium, agents hold then a combination of three assets, 
the risk free asset, the market portfolio and an ESG hedge 
portfolio which is long in assets with positive ESG charac-
teristics and short with negative characteristics. Accordingly, 

1  The issue whether the individual stock perspective extends to 
mutual funds, is discussed heterogeneously. Revelli and Viviani 
(2015) conduct a meta-analysis of 85 studies and 190 experiments 
and find that ESG does neither increase nor hurt portfolio perfor-
mance. See also Liang and Renneboog (2020) for a more recent sur-
vey.

61 Reprinted from the journal



O. Stotz 

the expected return of an asset is determined by an asset’s 
risk exposure to the market portfolio and the ESG hedge 
portfolio. Alternative models that consider investors with 
non-financial preferences have also been proposed by, for 
example, Luo and Balvers (2017), Oehmke and Opp (2020) 
and Zerbib (2020). In addition, multi-factor models which 
include an ESG factor have been suggested by, for example, 
Xiao et al. (2013) and Gregory et al. (2020).

Taste models can potentially explain the ESG return puz-
zle, if a changing demand from ESG investors is observed 
in the sample period. Then, realized returns can differ from 
their expectations. Thus, there is strong theoretical support 
for a negative (positive) expected (realized) return difference 
between high- and low-ESG stocks.

Theoretical approach

In the following, we provide the theoretical framework for 
how we investigate the ESG return puzzle.

Return decomposition of the HL portfolio

The efficient market hypothesis of Fama (1991) states that 
an asset’s realized return should equal its expected return in 
the long-run. Over a short-term period, however, realized 
returns can differ from their expectations if unexpected news 
arrives at the market. The return decomposition framework 
of Campbell and Shiller (1988) formalizes this view. They 
show that a stock’s unexpected return ( URt ) from t − 1 to 
t, i.e., the difference between realized and expected return 
over one period, is

where Rt is the log return from t to t − 1, Et−1(Rt) is the 
expected log return at t − 1, NCFt and NDRt are cash-flow 
news and discount rate news between t − 1 an t, defined as

Thereby, Dt refers to the log dividend paid in t, and � is 
a number smaller than one resulting from the linearization 
approach. ΔEt is the change in expectations from t − 1 to t. 
In particular, we follow Campbell and Shiller (1988) and 
set �12 = 0.96 ; please note that our empirical analysis uses 
monthly data. Equation (1) states that a deviation of the real-
ized return from its expectations can only be explained by 
changes in expectations of future cash flows and discount 
rates. In words, the value of a firm can only rise unexpect-
edly by either increasing cash-flow expectations and/or by 
applying lower discount rates to cash-flow expectations.

(1)Rt − Et−1(Rt) ≡ URt = NCFt − NDRt,

NCFt ≡ ΔEt

∞
∑

j=0

�jΔDt+j andNDRt ≡ ΔEt

∞
∑

j=1

�jRt+j.

Equation (1) also holds for a long-short portfolio such 
as HL. Then, the difference of the unexpected return of the 
HL portfolio (highly ESG rated firms are denoted by super-
script H and lowly ESG rated firms denoted by superscript 
L, specified in Section 4) is

Equation (2) is the framework for analyzing the ESG 
return puzzle (i.e., URHL > 0 ). According to Eq. (2), a posi-
tive URHL implies either NCFHL > 0 and −NDRHL > 0 or 
NCFHL − NDRHL > 0 . That is, two channels, a “cash-flow 
channel” and a “discount rate channel” provide a potential 
explanation for the ESG return puzzle. Considering the 
discount rate channel, we further distinguish two different 
mechanisms for why a stock’s discount rate changes. The 
classical approach relates changes in the discount rate to 
changes in risk (e.g., Merton 1973). Alternatively, Fama and 
French (2007) show that if investor demand is driven by non-
financial issues, discount rates may also vary with demand. 
Thus, we specify the discount rate channel with a risk mech-
anism and a demand mechanism (specified below). Thus, 
our framework analyzing the ESG return puzzle includes 
four steps:

1.	 Analysis of expected and realized returns of H and L 
stocks.

2.	 Formation of a hedge portfolio HL (long good ESF 
firms, short bad ESG-firms).

3.	 Decomposition of the difference between real-
ized and expected return,RHL

t
− E

t−1(R
HL

t
) ≡ UR

HL

t

= NCF
HL

t
− NDR

HL

t

4.	 Analysis of discount rate news ( −NDRHL
t

 ) with risk 
channel and demand channel.

Cash‑flow channel

A positive URHL can be explained by positive cash-flow 
news of the HL portfolio. That is, high-ESG stocks should 
report revisions of future cash-flow expectations better than 
low-ESG stocks. We should emphasize that it is not the level 
of cash-flow expectations that determines the unexpected 
returns but changes in these expectations. The distinction 
between different levels and unexpected changes of cash 
flows is important, since previous research focused on levels 
of future cash-flow expectations. For example, Gregory et al. 
(2014) argue that growth prospects (i.e., levels) of high-ESG 

(2)

URH
t
− URL

t
⏟⏞⏞⏞⏞⏟⏞⏞⏞⏞⏟

≡URHL
t

= RH
t
− RL

t
⏟⏞⏟⏞⏟

≡RHL
t

−
(

Et−1(R
L
t
) − Et−1

(

RH
t

))

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
≡E(RHL
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=
(

NCFH
t
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t

)

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
≡NCFHL

t

−
(

NDRH
t
− NDRL

t

)

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
≡NDRHL

t

.

URHL
t

= NCFHL
t

− NDRHL
t
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stocks are better than that of low-ESG stocks, and they inter-
pret that those differences in growth expectations are the 
main driver of valuation differences between H and L stocks. 
However, differences in growth expectations and valuation 
differences do not imply that unexpected returns are higher 
for H than for L stocks and, therefore, do not help to explain 
the ESG return puzzle.

To give a simple intuitive example of the existence of the 
cash-flow channel: consider a situation where consumers 
change their preferences in favor of products of high-ESG-
rated companies. If the perception of climate change leads 
consumers to prefer renewable energy (e.g., generated by 
wind and solar) to traditional energy (e.g., generated by coal 
or oil), changes in consumer preferences may lead to increas-
ing demand for renewable energy products compared to tra-
ditional energy and potentially to higher prices and lower 
production costs. As a result, high-ESG companies are able 
to produce more and/or sell their products at higher margins 
compared to the situation before climate change was con-
sidered to be an important issue by consumers. In contrast, 
low-ESG companies sell less and their profit margins shrink. 
Accordingly, cash-flow expectations are revised upward for 
H companies and downward for L companies, since more 
ESG consumers switch to H firms’ products.

The implications of this simple example are supported 
theoretically. The stakeholder theory of Jensen (2002) sug-
gests that firms engage in a positive ESG policy to con-
sider preferences of investors, employees, customers, and 
other stakeholders. Although these ESG activities may incur 
short-term costs, long-term benefits will outweigh them. 
Since cash-flow news in Eq. (1) includes both short-term 
and long-term cash-flow expectations, the net effect should 
be positive (i.e., NCFHL

t
> 0 ). A positive net effect can be 

further justified with a resource-based perspective of the 
company (e.g., Barney 1991). In such a context, McWil-
liam and Siegel (2011) argue that positive ESG activities are 
associated with a competitive advantage for the firm because 
they strengthen social relationships with stakeholders such 
as employees, customers, or suppliers. Once the relation-
ship network has been built through ESG activities, it can 
become an irreplaceable strategic resource if its complexity 
is difficult to imitate (e.g., Colbert 2004). Then, if customers 
are willing to pay higher prices for products of a company 
with an ESG-friendly policy, the firm’s cash flows may be 
higher than for companies which do not follow a positive 
ESG policy. However, there are also theories which predict 
the opposite, i.e., that a firm’s orientation to ESG may lower 
its cash flows. For example, Friedman (1970) argues that 
ESG activities are mainly costs for a firm which are not nec-
essarily compensated by increased revenues. If these costs 
unexpectedly increase over time, then analysts and investors 
may revise their cash-flow expectations downward for the 
HL portfolio (i.e., NCFHL

t
< 0 ). Thus, theoretical approaches 

may justify both positive and negative cash-flow news from 
the HL portfolios.

Empirically, there is some evidence that ESG and cash 
flows are actually related. For example, Godfrey et al. (2009) 
provide evidence that a company’s ESG objectives result in 
good relationships with stakeholders, which in turn reduces 
a company’s idiosyncratic risk profile and increases long-
term cash-flow expectations. Similar arguments are put for-
ward by other studies (e.g., Choi and Wang 2009; Gregory 
et al. 2014). Furthermore, research by Sen and Bhattachary 
(2001) provides evidence that consumers tend to pay more 
or to increase their purchase intention if they relate a com-
pany to good-ESG activities. Accordingly, Armstrong and 
Green (2013) argue from a stakeholder perspective that an 
ESG-friendly corporate policy is value enhancing, while the 
opposite is detrimental to a firm’s value. Hong et al. (2016) 
provide empirical support for this view. However, most of 
the research mentioned here derives its conclusions from 
realized cash flows and does not consider cash-flow expecta-
tions. Thus, we interpret prior research as providing support 
for the existence of a cash-flow channel but without unam-
biguously deriving its direction. Since our own approach 
relies on expectations, we will provide direct evidence for 
the direction of the cash-flow channel.

Discount rate channel

Next to the cash-flow channel, the discount rate channel may 
potentially explain the ESG return puzzle. A positive unex-
pected return of the HL portfolio, then, requires positive 
discount rate news. That is, discount rates of H stocks should 
fall relative to L stocks. As argued above, discount rates can 
vary by reason of changing risk characteristics or changing 
investor demand.

Risk mechanism

To justify time-varying discount rates requires an intertem-
poral asset pricing approach. We use the intertemporal capi-
tal asset pricing model (ICAPM) of Merton (1973). On the 
basis of the ICAPM, Campbell and Vuolteenaho (2004) have 
specified a two-beta version of the traditional capital asset 
pricing (CAPM) beta (Sharpe 1964; Lintner 1965) which 
decomposes the CAPM-beta into a cash-flow beta and a dis-
count rate beta:

where

(3)�CAPM
t

= �CF
t

+ �DR
t

,

�CAPM
t

≡ covt
(
URHL

t+1
, URM

t+1

)/
vart

(
URM

t+1

)
, CAPM beta,
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Then, the ICAPM implies for the expected return of the 
HL portfolio

where � is the coefficient of relative risk aversion and �2
M,t

 
is the conditional variance of the market portfolio. The fac-
tor 

�2
HL,t

2
 on the left hand side is one-half of the variance of 

the return of the HL portfolio in order to adjust for Jensen’s 
inequality. If the ICAPM holds, the ESG risk premium puz-
zle implies that a higher return can be earned if the HL port-
folio’s cash-flow beta �CF

t
 and/or discount rate beta �DR

t
 is 

larger than zero.
Betas in Eq. (3) are conditional on time t. Therefore, 

empirical implementation of the ICAPM requires a speci-
fication of how discount rates vary overtime. We follow a 
simple approach, as in Botshekan et al. (2012), and assume 
that betas are different in up and down markets. To be spe-
cific, we model the discount rate beta as �DR

t
≡ �DR + �DR+ , 

where �DR+ is the additional up beta when the unexpected 
return of the market portfolio is positive (i.e., URM

t
> 0 ). 

Thus, discount rate betas vary through time, depending on 
the unexpected return of the market portfolio and equal �DR 
in down markets and �DR + �DR+ in up markets. Similarly, 
we model the cash-flow beta and obtain

Demand mechanism

Besides risk, demand is an alternative explanation for why 
discount rates may change. If, for example, preferences of 
investors change over time for reasons other than risk and 
return (e.g., ESG preferences increase), this may drive up 
prices and, accordingly, discount rates will fall. Fama and 
French (2007) present a general analysis of how investor 
demand affects asset prices and their expected returns. The 
main channel is that investors derive utility from holding 
specific assets other than return. For example, by holding an 
ESG asset, an investor may feel that she is doing some good, 
which in turn increases her utility. If, over time, the taste for 
ESG increases, an increasing demand for H assets drives 
their prices up relative to L stocks ( RHL

t
> 0 ) and, simulta-

neously, drives their expected returns down ( −NDRHL
t

> 0 ), 
and vice versa. Similar taste channels have been analyzed by 
Gregory et al. (2020), Oehmke and Opp (2020), Pastor et al. 

�CF
t

≡ covt
(
URHL

t+1
, NCFM

t+1
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(
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t
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(4)Et

(
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t+1
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HL,t

2
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t
⋅ �2

M,t
+ �DR

t
⋅ �2
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,

(5)
𝛽CF+ = cov

(
URHL

t+1
, NCFM

t+1
|URM

t+1
> 0

)/
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(
URM

t+1

)
additional up cash - flow beta,

𝛽DR+ = cov
(
URHL
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,−NDRM
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|URM

t+1
> 0

)/
var

(
URM

t+1

)
additional up discount rate beta.

(2020) and Zerbib (2020). In general, taste models imply 
that the expected return of the HL portfolio is a function of 
investor demand, i.e.,

where demand is the percentage of ESG investors to all 
investors. This mechanism works even in the case of con-
stant cash-flow expectations. Assuming for simplicity that f 
in Eq. (6) is linear implies that

If investor demand for ESG assets drives their prices, the 
slope parameter �demand should be larger than zero. Such a 
demand channel has not been analyzed empirically in previ-
ous studies. In a different context, however, demand effects 
of ESG investors have been addressed. For example, Rob-
inson et al. (2011) report that stocks of firms added to the 
Dow Jones Sustainability World Index (DJSI) experience a 
sustained increase in their share price, while stocks deleted 
from the index had a temporary decrease in their valuation. 
They explain these price effects by demand from investors 
with ESG preferences. However, their event study approach 
focuses on the demand for individual stocks and not ESG 
stocks in general. Also, they are not able to differentiate 
between cash-flow news and discount rate news, which, 
theoretically, are important components of the unexpected 
return.

Empirical approach

How we measure cash‑flow news and discount rate 
news

We apply the return composition of Campbell and Shiller 
(1988) in order to explain the past return of ESG and non-
ESG stocks. The question arises of how to operationalize 
the decomposition in Eq. (1). The literature follows two 
approaches: the vector autoregressive (VAR) approach 
proposed by Campbell and Shiller (1988) and the use of 
a valuation model employing analysts’ earnings forecasts 
(e.g., Chen et al. 2013). The VAR-based approach is usually 
applied at the aggregate market level (and not at the indi-
vidual company level as in this study). Further, it has been 
criticized, for example, by Chen and Zhao (2009), since its 
resulting news estimates are unstable and heavily dependent 
on the state variables included in the predictive VAR model. 

(6)E
(
RHL
t

)
= f

(
demandt

)
,

(7)−NDRHL
t

= � + �demand
⋅ Δdemandt + �t.
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Chen et al. (2013) also provide empirical evidence that the 
approach using a valuation model and earnings forecasts is 
preferable for identifying the underlying driving forces of the 
unexpected return at both the firm and the aggregate mar-
ket level. We therefore use the approach based on analysts’ 
forecasts and compute the implied cost of capital (ICC) as an 
estimate of the expected return, which is also widely used in 
the ESG literature (e.g., El Ghoul et al. 2011, 2018; Chava 
2014). We estimate the ICC by using various models, i.e., 
Gebhardt et al. (2001), Claus and Thomas (2001), Easton 
(2004), Ohlson and Juettner-Nauroth (2005), and the aver-
age cost of capital estimates from those four models. Tang 
et al. (2014) argue that the model of Gebhardt et al. (2001), 
hereafter GLS, seems to have superior characteristics to the 
alternative models. Therefore, we consider GLS as our base 
case model, which we describe in more detail below and 
explain how it is used to calculate discount rate news. For a 
description of the alternative models, we refer the reader to 
the original papers or to the short descriptions given in El 
Ghoul et al. (2011).

The GLS model assumes clean surplus accounting and 
expresses the current share price in terms of expected returns 
on equity Et

(
ROEt+j

)
 and book values Bt+j for fiscal year j 

ahead of t. The infinite forecast horizon is divided into three 
time periods: an explicit forecast period for the ROE for the 
next three fiscal years, a convergence period between fiscal 
year four and twelve during which the ROE is expected to 
converge to the median industry ROE , and a period after 
year twelve in which the expected ROE is assumed to be 
constant. Similar assumptions are made for the dividend 
payout ratio. Then, the current stock price P is

Using the implied cost of capital factor ICCGLS
t

 at time t 
from Eq. (8), the discount rate news factor is

Using the GLS expected return in t − 1, ICCGLS
t−1

 as an esti-
mator for Et−1(Rt) in Eq. (1), cash-flow news can then be 
backed out easily.

Data

To implement our approach, we use various data sources. 
The data source for firm-level ESG scores is MSCI. MSCI 
has acquired KLD Research & Analytics, which has been in 

(8)
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t

=
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t

1 − �
.

many studies the main database (e.g., Kempf and Osthoff 
2007; El Ghoul et al. 2011, 2018). Thereby, MSCI and KLD 
have been one of the first suppliers of ESG ratings next to 
Vigeo-Eiris which has been acquired by Moody’s recently 
(see Berg et al. 2019). From an investor perspective, MSCI, 
next to Sustainalytics, is the most favored ESG rating pro-
vider (see SustainAbility 2020). In a recent Extel survey, 
MSCI has been voted to be number one in ESG research 
(Extel Survey 2019).

The use of one rating provider can be criticized since the 
number of ESG rating agencies has increased substantially 
over the last years. According to Li and Polychronopoulos 
(2020), there are currently at least as 70 different sources 
for ESG ratings. Berg et al. (2019) among others provide 
evidence that ESG ratings for an individual company can 
diverge considerably even among top rating agencies. The 
main reason for this divergence is that there is not yet com-
mon accepted method how to measure ESG. However, this 
divergence problem seems to be less severe in the top minus 
bottom portfolio approach (using quantile ranks) as shown 
by Berg et al. (2019). They report that the implied corre-
lation across different ESG ratings is about 80% by using 
a quantile rank count approach. The focus on MSCI ESG 
ratings can therefore be justified by practical end empiri-
cal arguments. However, one should consider this limitation 
when interpreting empirical results.

ESG scores of MSCI can be broken down into individual 
environmental (E), social (S), and governance (G) scores. 
While the ESG score is industry-adjusted (each industry has 
a median score of 5, the score ranges between 0 and 10), the 
individual E, S, and G scores are measured on an absolute 
scale (also ranging between 0 and 10). We primarily use the 
industry-adjusted ESG score and present results from using 
individual E, S, and G scores in the robustness section. We 
estimate the ICC using four different models which requires 
the use of earnings estimates (e.g., from financial analysts). 
We use the mean estimates provided by I/B/E/S and follow 
Gebhardt et al. (2001), who require that a company has 1- 
and 2-year-ahead consensus earnings estimates and a posi-
tive book value. We obtain earnings estimates and stock 
data (total return, price and book value) from Datastream.2 
Monthly data are collected at the end of each month and 
yearly data at the end of each calendar year. We use all US 
stocks for which data are available and delete small stocks 
that have a market capitalization of less than 0.1% of the 
median market capitalization of all stocks.

We calculate return data for individual stocks included 
in the HL portfolio. Therefore, at the end of each month 
we rank all stocks on their latest ESG score. Based on this 

2  We thank Quoniam Investment for providing the data and the 
capacity to do the calculations.
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score, we form equal-weighted portfolios3 and hold these 
portfolios unchanged until the end of the following month. 
The high-rated portfolio, denoted by superscript H, consists 
of the top 50% of all stocks with the highest ESG ratings; the 
low-rated portfolio is denoted by superscript L and consists 
of the bottom 50% with the lowest ESG ratings of all stocks. 
Then, the superscript HL denotes the return of the long-short 
portfolios in period t, i.e., RHL

t
 . The average return over time 

is denoted by RHL . The time period covered for our empirical 
analysis is January 2008 to July 2018. Factor returns used 
in the risk-adjusted regressions are obtained from Kenneth 
French’s website.

Results

Empirical return decomposition

Table 1 summarizes average returns of the H and L port-
folio (Panel A), average returns and alphas of the HL port-
folio (Panel B), and results of the return decomposition 
in Panel C. Panel A shows that H stocks tend to achieve 

a higher return than L stocks, RH > RL  . Looking at the 
first column (expected returns are derived from the GLS 
model), an equal-weighted portfolio of H-stocks delivers 
an average realized of 6.68% p.a., while the correspond-
ing portfolio of L-stocks earns just 4.42% p.a. Panel B 
displays the difference between the two portfolios, RHL  , 
which is 2.26% p.a. for the GLS approach. Using alterna-
tive approaches for modeling expected returns (columns 
(2) to (5)) provides similar results; the average return of 
the HL portfolio varies between 1.62 and 2.31% across 
all ICC models. We also adjust the average return of the 
HL portfolio with common multi-factor models such as 
Fama and French (1993), denoted by FF3, Carhart (1997), 
C4, Fama and French (2015), FF5, and Fama and French 
(2018), FF6. These models consider—next to the market 
beta—various risk factors, such as size, value, momen-
tum, investment, and profitability. In general, the aver-
age HL return is only marginally affected by those risk-
adjustments. For example, using the base case model GLS, 
the average HL return is 2.26% p.a., while the FF6 risk-
adjusted HL return is even higher (2.63% p.a.). Thus, the 
average HL returns cannot be attributed to known risk fac-
tors and the size of risk-adjusted average returns is similar 
to recent studies (e.g., Kempf and Osthoff 2007; Li et al. 
2019). These observations provide confirming empirical 
support for the first part of the ESG return puzzle ( RHL

> 0).

Table 1   ESG return puzzle, 
cash-flow channel and discount 
rate channel (equal weighted 
portfolios 2008–2018)

This table reports average returns of a portfolio with above or equal to median ESG scores (portfolio H) 
and a portfolio with below median ESG scores. Returns of each in the portfolios H and L are equally 
weighted; the portfolio HL is long in H and short in L. Expected returns (ER) are derived from the four dif-
ferent models developed by Gebhardt et al. (2001), Claus and Thomas (2001), Ohlson and Juettner-Nauroth 
(2005), and Easton (2004), respectively. “Average” refers to the mean expected return across the four mod-
els. UR refers to the unexpected return which is decomposed into cash-flow news (NCF) and discount rate 
news (− NDR) using the method of Campbell and Shiller (1988). All returns are annualized using monthly 
returns in the calculations

GLS (1) (%) CT (2) (%) OJ (3) (%) E (4) (%) Average (5) (%)

Panel A: Average returns of portfolios H and L
R
H 6.68 6.68 7.17 6.64 7.08

R
L 4.42 4.37 5.31 5.02 5.10

Panel B: Average returns and risk-adjusted returns (alphas) of portfolio HL
R
HL 2.26 2.31 1.86 1.62 1.98

R
HL

FF3
3.05 3.11 2.61 2.28 2.76

R
HL

C4
3.06 3.11 2.61 2.29 2.76

R
HL

FF5
2.64 2.67 2.22 1.89 2.34

R
HL

FF6
2.63 2.66 2.21 1.89 2.32

Panel C: Decomposed average returns of portfolio HL
ER

HL − 0.42 − 0.14 − 0.35 − 0.60 − 0.36

UR
HL 2.68 2.45 2.21 2.23 2.34

NCF
HL 0.25 − 1.14 − 1.25 − 0.09 0.23

−NDRHL 2.43 3.59 3.46 2.31 2.11

3  We use equally weighted portfolios in our base case scenario. How-
ever, all conclusions presented in the empirical section do hold for a 
market capitalization weighted portfolio (see also the robustness sec-
tion).
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In Panel C, we summarize the results of the return 
decomposition. The average expected return of the HL 
portfolio, denoted by E

(
RHL

)
 , delivers a negative value 

in the range between − 0.60 and − 0.14% across the vari-
ous specifications of the expected return model. Thereby, 
the second part of the ESG return puzzle is also observed 
( E

(
RHL

)
 > 0), which implies that good-ESG companies 

tend to have a lower expected return (i.e., cost of capi-
tal) than bad ESG firms do. This observation is also com-
patible with earlier studies. For example, El Ghoul et al. 
(2011) find an average difference in cost of capital esti-
mates between above and below median ESG companies 
of between − 0.78 and − 0.31% over the period from 1992 
to 2007. Thus far, the summary statistics show that in our 
sample a positive RHL and a negative E

(
RHL

)
 are observed, 

which leads to an average unexpected returns of the HL 
portfolio between 2.21 and 2.68% p.a. We conclude that 
the sensitivity of specifying the estimation approach of the 
expected stock return seems to have a minor impact on the 
existence of the ESG return puzzle.

Estimates of cash-flow news and discount rate news 
suggest that positive unexpected returns of the HL portfo-
lio can primarily be attributed to the discount rate chan-
nel. Discount rate news varies between 2.11 and 3.59% 
and explains to a large extent the unexpected return of 
the HL portfolio. The cash-flow channel, however, can-
not explain the HL portfolio’s positive unexpected return. 
Over the sample period cash flow news varies around zero, 
ranging from − 1.14 to + 0.25% (depending on which cost 
of capital model is applied). Thus, it seems unlikely that 
cash-flow news is a major driver of the ESG return puzzle, 
whereas discount rate news seems to be the main explana-
tion of the puzzle. Discount rates (i.e., expected returns) 
of good-ESG companies have fallen to a larger extent than 
those of bad ESG companies. In the following section, we 
analyze this discount rate channel in more detail.

We also calculate the summary statistics for a value-
weighted portfolio and a more recent period from 2013 to 
2018 to consider the observation of Li at al. (2019), since 
they report that alphas of ESG portfolios have fallen in 
recent years. However, we do not observe this pattern and 
the conclusions from using a value-weighted HL portfo-
lio and a more recent sample are the same as in Table 1. 
Therefore, we present details of these statistics in a robust-
ness analysis.

Discount rate channel

The last section has shown that the unexpected return of the 
HL portfolio is primarily driven by discount rate news. In the 
following section, we analyze the two potential mechanisms 
of the discount rate channel, namely the risk mechanism and 
the demand mechanism.

Risk mechanism

The risk mechanism of the discount rate channel implies 
that the HL portfolio should have a positive cash-flow beta 
and/or a positive discount rate beta. That is, H stocks should 
display a larger beta risk than L stocks do. A positive beta for 
the HL portfolio is necessary in our sample period, since the 
market portfolio delivered a positive unexpected return of 
about 1% p.a., mainly because discount rates of the market 
portfolio have fallen. Panel A of Table 2 provides no empiri-
cal support for such a risk mechanism. Looking at our base 
case model GLS in column (1), neither part of the CAPM-
beta (cash-flow beta or discount rate beta) of the HL portfo-
lio is larger than zero. Also, additional up-betas ( �CF+ and 
�DR+ ) are not significantly greater than zero. For example, 
using the GLS model, the estimates of the cash-flow betas, 
�CF and �CF+ , are close to zero (0.000 and − 0.106). Discount 
rate betas are estimated to be even smaller, and their point 
estimates ( �DR = − 0.06 and �DR+ = − 0.106) suggest that H 
stocks are not riskier than L stocks are. Rather, the signifi-
cant negative estimates of discount rate betas imply that H 

Table 2   Cash-flow betas and discount rate betas of the portfolio HL

This table reports decomposed beta factors of the portfolio HL, 
which is long in H stocks (stocks with above or equal to median 
ESG scores) and short in L stocks with below median ESG scores). 
Cash-flow and discount rate betas are computed following Camp-
bell et  al. (2010) as �CF

t
≡ cov

t

(
UR

HL

t+1
, NCF

M

t+1

)/
var

t

(
UR

M

t+1

)
 and 

�DR
t

≡ cov
t

(
UR

HL

t+1
,−NDRM

t+1

)/
var

t

(
UR

M

t+1

)
 , while the compu-

tation of the additional up betas follows Botshekan et  al. (2012) 
as 𝛽CF+ = cov

(
UR

HL

t+1
, NCF

M

t+1
|URM

t+1
> 0

)/
var

(
UR

M

t+1

)
 and 

𝛽DR+ = cov
(
UR

HL

t+1
,−NDRM

t+1
|URM

t+1
> 0

)/
var

(
UR

M

t+1

)

Unexpected returns (UR) cash-flow news (NCF) and discount rate 
news (− NDR) are derived by using the method of Campbell and 
Shiller (1988). Thereby, expected returns (ER) are from the four dif-
ferent models developed by Gebhardt et al. (2001), Claus and Thomas 
(2001), Ohlson and Juettner-Nauroth (2005), and Easton (2004), 
respectively. “Average” refers to the mean expected return across the 
four models. The demand beta �demand is obtained from the regression 
−NDRHL

t
= � + �demand

⋅ Δdemand
t
+ �

t
 using quarterly returns over 

the sample period 2008 to 2018. t-values in parentheses

GLS (1) CT (2) OJ (3) E (4) Average (5)

Panel A: Risk mechanism
�CF 0.000 − 0.037 − 0.049 − 0.064 − 0.047

(0.001) (− 2.483) (− 5.266) (− 3.909) (− 1.819)
�CF+ − 0.106 − 0.003 − 0.135 − 0.197 − 0.158

(− 1.006) (− 1.168) (− 1.874) (− 2.252) (− 0.447)
�DR − 0.064 − 0.029 − 0.103 − 0.107 − 0.073

(− 4.441) (− 2.739) (− 3.733) (− 16.313) (− 6.659)
�DR+ -0.106 − 0.003 − 0.135 − 0.197 − 0.158

(− 1.920) (− 1.088) (− 5.499) (− 5.081) (− 2.869)
Panel B: Demand mechanism
�demand 26.744 39.912 59.519 17.889 28.321

(2.769) (2.664) (2.585) (1.816) (2.250)
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stocks are less risky than L stocks are. The alternative ICC 
models produce similar estimates and in particular the two 
parts of the discount rate beta are more than two standard 
deviations below zero for almost all specifications. To put 
the estimate of the discount rate beta into an economic per-
spective, discount rate news of the market portfolio of 1% 
translates into an unexpected return of the HL portfolio of 
about − 0.17% = (− 0.064–0.106)⋅1%.

In sum, results presented in Table 2 are compatible with 
the view that high-ESG stocks are less risky than low-ESG 
stocks are. Although this evidence provides no explanation 
for the ESG return puzzle, it supports many studies from 
the management literature which argue that following ESG-
strategies is less risky than not following them (e.g., because 
of reputation risk).

Demand mechanism

The demand mechanism of the discount rate channel implies 
that an increasing demand of ESG investors should lower 
the expected return of the HL portfolio (ceteris paribus). 
Further, investor demand implies a positive relation between 
discount rate news of the HL portfolio and changes in the 
demand of ESG investors, resulting in a positive demand 
beta. We approximate the demand of ESG investors by using 
assets under management (AuM) invested ESG equity funds 
(in the USA) and assets under management in all US equity 
funds (TOT),4 i.e., demandt ≡ AuMt(ESG)

/
AuMt(TOT) . 

Then, we run regression (7) and summarize the estimates of 
the demand beta in Panel B of Table 2.

Consistent with the prediction of demand models like 
that of Fama and French (2007), the demand beta �demand 
is estimated to be consistently larger than zero. For exam-
ple, using the GLS model to estimate expected returns (see 
column (1)), the slope estimate equals 26.744 (t-value of 
2.769). An increasing share of ESG investors is therefore 
associated with a fall in discount rates of the HL portfolio 
(which in turn increases the stock price of H stocks relative 
to L stocks). Also, changes in the ESG-ratio can explain 
about 15% of the quarterly variation in the discount rate 
news of the HL portfolio. To put the slope estimate of 26.744 
into an economic perspective, an increase of our demand 
proxy by 10%-points is accompanied by discount rate news 
of 2.674%. Although the point estimate of the demand beta 
varies across the different expected return models (see col-
umns (2) to (5)), all estimates are larger than zero and in 
most cases the estimate is more than two standard errors 
above zero. In sum, changes in the share of ESG investors 

can explain a substantial variation in discount rate news of 
the HL portfolio, which is predicted by the Fama and French 
(2007) model.

Robustness of results

In this chapter, we present evidence that the results of the 
previous section are robust to changes in various assump-
tions in our base case approach. Thereby, we consider non-
monotonic relations between ESG scores and discount rate 
news, we analyze alternative cutoffs when forming the HL 
portfolio, we investigate individually the E, S, and G scores, 
and we use value-weighted HL portfolios and alternative 
time periods. We display the results of using the GLS model 
for estimating discount rate news, since Tang et al. (2014) 
argue that the ICC approach of Gebhardt et al. (2001) seems 
to be the best proxy for a stock’s expected return. However, 
the choice of this model is rather insensitive to the main con-
clusions about the robustness of the results that we present 
in this section.

Non‑monotonic relationship between ESG scores 
and discount rate news

The demand channel implies a monotonic relationship 
between ESG and discount rates. However, there may be 
alternative relationships between ESG and return. Kim 
and Statman (2012) argue that the relationship between a 
firm’s ESG policy and its stock return is nonlinear and they 
propose the existence of an optimal level of ESG. Then, 
adjustments to the optimal level should be compensated by 
a higher stock return. For example, if a company has overin-
vested in ESG, reducing the ESG investments may increase 
the value of the company. Using Kim and Statman’s (2012) 
reasoning implies that both a fall (from a high level) and an 
increase (from a low level) in ESG scores can be associated 
with positive unexpected returns if a company adjusts to the 
optimal level of ESG. This reasoning suggests an inverted 
U-shape relation between changes in ESG and unexpected 
stock returns.5 In contrast, the demand channel implies that 
only positive changes are valued and, in particular, those of 
high-ESG companies.

Therefore, we consider a potential adjustment channel by 
limiting our sample to those companies for which a change 
in their ESG score is observed. We form a long/short port-
folio of stocks based on changes in ESG scores, denoted by 
ΔHL . Thereby, ΔH refers to stocks with a positive change, 

4  We obtain AuM figures from Bloomberg on a quarterly basis. 
Accordingly, we adjust discount rate news in the HL spread to quar-
terly data.

5  The question about the optimal level of ESG is, however, dis-
cussed controversially. While Kim and Statman (2012) assume that 
a medium level of ESG is optimal, Barnett (2007) argues that only a 
real commitment (with potentially higher costs) to ESG is valued by 
customers. This implies that only high levels of ESG are ultimately 
valued, while medium investments in ESG or a reduction of ESG 
investments do not pay off.
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ΔL refers to stocks with a negative change in their ESG 
scores, and ΔHL is the long/short portfolio. The question 
now arises of over which time horizon those changes in 
ESG scores should be measured. Empirically, Gregory and 
Whittaker (2013) observe that scores measuring the ESG 
dimension are relatively stable through time and that month-
to-month changes in ESG scores are rather rare. Accord-
ingly, using monthly changes would result in long and short 
portfolios, which consist of just a few (or in some months 
even of zero) stocks in the ΔHL portfolio. We therefore con-
sider changes in ESG scores over one year as a compromise 
between a timely measure of ESG changes and an appropri-
ate number of stocks in the ΔHL portfolio.

Table 3 presents the results of this exercise in column 
(1). The ΔHL portfolio delivers a positive unexpected 
return of 2.55% p.a., which suggests that positive changes 
in ESG scores are valued higher than negative changes (see 
Panel A). The unexpected return can thereby be primarily 
explained by discount rate news (which equals 2.69% p.a.). 
Thus, a long/short portfolio of stocks based on changes in 
ESG scores has similar return characteristics to an HL port-
folio which is derived from the level of ESG scores. Also, 
systematic risk factors (displayed in Panel B) are not able 
to explain the ESG return puzzle. Most estimates of the 
decomposed beta factors are negative. In many cases, the 
associated t-values suggest a significant negative relation-
ship between the ΔHL portfolio’s discount rate news and 
that of the market portfolio. However, the positive demand 
beta of the portfolio ΔHL is compatible with the demand 
mechanism (see Panel C). The demand beta is about 53 and 
more than two standard errors above zero. These observa-
tions support the previous conclusions that investors’ taste 
for ESG investments (demand mechanism) is a potential 
explanation for ESG stock returns.

Next, we consider the adjustment channel of the Kim 
and Statman (2012) by looking at ESG changes below/
above the median ESG score of all companies. Therefore, 
we further split the ΔHL sample into two groups. The first 
group displays an ESG score above the median across all 
firms (see column (2)); the second group has an ESG score 
below the median score (column (3)). We assume that the 
median ESG score is an appropriate measure for the opti-
mal level of ESG.6 Within each of the two groups, we 
form a long/short portfolio according to ΔHL and denote 
it by ΔHLabove for the first group and ΔHLbelow for the sec-
ond group. Following the adjustment channel of Kim and 
Statman (2012), a negative relation between stock returns 
and changes in ESG should be observed in the first group 
( URΔHLabove

< 0 ) and a positive relation in the second group 

( URΔHLbelow

> 0 ), because companies with below median 
ESG scores should invest in ESG to create value, while 
companies with above median ESG scores should reduce 
investments in ESG, assuming that a median ESG score 
is optimal. Results in columns (2) and (3) are in contrast 
to the adjustment channel of Kim and Statman (2012). 
In particular, the ΔHLbelow delivers a negative unexpected 
return of − 0.33% per annum, while the ΔHLabove earns an 

Table 3   The ESG return puzzle, cash-flow betas, and discount rate 
betas of the portfolio ΔHL (i.e., using changes in ESG scores)

This table reports average returns of the portfolio HL, which 
is long in H stocks (stocks with above or equal to median ESG 
scores) and short in L stocks with below median ESG scores). 
Returns of each in the portfolios H and L are equally weighted; 
the portfolio HL is long in H and short in L. Expected returns 
(ER) are derived from the model developed by Gebhardt et  al. 
(2001). “Average” refers to the mean expected return across the 
four models. UR refers to the unexpected return, which is decom-
posed into cash-flow news (NCF) and discount rate news (− NDR) 
using the method of Campbell and Shiller (1988). All returns 
are annualized using monthly returns in the calculations. Cash-
flow and discount rate betas are computed following Campbell 
et  al. (2010) as �CF

t
≡ cov
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The demand beta �demand is obtained from the regression 
−NDRHL

t
= � + �demand

⋅ Δdemand
t
+ �

t
 using quarterly returns over 

the sample period 2008 to 2018. t-values in parentheses

ΔHL(1) ΔHLabove(2) ΔHLbelow(3)

Panel A: ESG return puzzle: cash-flow channel and discount rate 
channel

R
HL 2.55% 6.13% − 0.76%

ER
HL − 0.14% − 0.12% − 0.43%

UR
HL 2.69% 6.26% − 0.33%

NCF
HL − 4.46% − 4.30% − 2.84%

−NDRHL 7.15% 10.56% 2.51%
Panel B: Risk mechanism
�CF 0.016 0.069 -0.011

(0.311) (0.544) (0.090)
�CF+ − 0.101 − 0.778 0.142

(− 0.180) (− 0.277) (0.060)
�DR − 0.072 − 0.581 0.111

(− 2.962) (− 16.754) (1.918)
�DR+ − 0.101 − 0.778 0.142

(− 1.398) (− 4.523) (1.051)
Panel C: Demand mechanism
�demand 52.762 77.231 11.422

(2.189) (1.787) (0.231)

6  If we limit the first group to companies with an ESG score above 
the 75%-quantile and the second group to companies with ESG 
scores below the 25%-quantile, we obtain qualitatively similar results.
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unexpected return of 6.26%. A large part of this return can 
be attributed to the discount rate news factor. Furthermore, 
the discount rate factor cannot be explained by traditional 
risk factors, since discount rate betas are negative for ΔHL 
and ΔHLabove portfolios and positive for the ΔHLbelow port-
folio (see Panel B). Notice that all estimates of cash-flow 
betas are not distinguishable from zero. For example, the 
discount rate beta for the ΔHL portfolio is − 0.072 and 
for the ΔHLabove portfolio it is − 0.581, both significantly 
smaller than zero. Thus, stocks with positive changes in 
ESG scores above the median score can be characterized 
as less risky (with respect to market discount rate news) 
than stocks with positive changes, although they deliver 
a higher unexpected return. In contrast, the estimate of 
the discount rate beta for the ΔHLbelow portfolio is 0.111 
and almost two standard errors above zero. This estimate 
implies that stocks with an ESG score below the median 
which improve their scores are considered to be riskier 
than those which worsen their score. However, this risk 
is compensated by a negative unexpected return over the 
sample period.

Panel C strengthens the view that the coefficients are 
compatible with the demand channel. Using the model 
of Fama and French (2007) implies a larger demand beta 
for the ΔHLabove portfolio than for the ΔHLbelow portfolio, 
since next to the level of ESG also changes in ESG should 
drive the investor’s asset demand. The estimates of the 
regression coefficients are compatible with this implica-
tion. The estimate of demand beta for the ΔHLabove portfo-
lio is about 77 (and marginally significant), while it is just 
11 (not significant) for the ΔHLbelow portfolio. In addition, 
the demand regression displays a larger adjusted R2 for the 
ΔHLabove portfolio than for the ΔHLbelow portfolio (7.75% 
versus 1.65%, not shown in Table 3). Thus, companies 
with above median ESG scores which improve their scores 
seem to be in particular demand from ESG investors, while 
companies with below ESG scores which improve their 
ESG scores are not systematically related to this demand. 
The demand seems to be related to the stock’s expected 
return, confirming the implications of Fama and French 
(2007). However, the U-shape pattern of ESG and a stock’s 
return (Kim and Statman 2012) is not observed. In sum, 
the sensitivity analysis in this subsection provides some 
additional support for the demand channel.

Alternative cutoffs

ESG scores are typically not continuously distributed, and 
the long/short portfolio in our base case consists of stocks 
with a long position in companies which have an ESG score 
equal to or above the median and a short position in stocks 
with an ESG score below the median. Thus, we allocate 
stocks with a median ESG stock into the long portfolio. This 

somewhat arbitrary allocation of median ESG stocks can be 
criticized (some difficulties are discussed, for example, in 
Gregory and Whittaker 2013). We therefore analyze how 
alternative cutoffs impact the results. We have changed the 
composition of the long and the short leg of the HL portfolio 
in four ways. First, we allocate companies with median ESG 
scores to the short leg. Second, we drop median ESG stocks 
from the allocation process. These two alternatives only 
change the results marginally—if at all—and are therefore 
not reported. Third, instead of buying (selling) stocks above 

Table 4   The ESG return puzzle, cash-flow betas, and discount rate 
betas of the portfolio HL using alternative cutoffs

This table reports average returns of the portfolio HL, which is long 
in H stocks (stocks with above or equal to median ESG scores) and 
short in L stocks with below median ESG scores). Returns of each 
in the portfolios H and L are equally weighted, the portfolio HL is 
long in H and short in L. Expected returns (ER) are derived from 
the four different models developed by Gebhardt et al. (2001), Claus 
and Thomas (2001), Ohlson and Juettner-Nauroth (2005), and Eas-
ton (2004), respectively. “Average” refers to the mean expected 
return across the four models. UR refers to the unexpected return 
which is decomposed into cash-flow news (NCF) and discount rate 
news (− NDR) using the method of Campbell and Shiller (1988). 
All returns are annualized using monthly returns in the calculations. 
Cash-flow and discount rate betas are computed following Campbell 
and Vuolteenaho (2004) as �CF
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The demand beta �demand is obtained from the regression 
−NDRHL

t
= � + �demand

⋅ Δdemand
t
+ �

t
 using quarterly returns over 

the sample period 2008 to 2018. t-values in parentheses

50% (base 
case) (1)

40% (2) 30% (3) 20% (4) 10% (5)

Panel A: ESG return puzzle: cash-flow channel and discount rate 
channel

R
HL 2.26% 3.72% 4.27% 4.91% 7.47%

ER
HL − 0.42% − 0.45% − 0.47% − 0.57% − 0.59%

UR
HL 2.68% 4.17% 4.74% 5.48% 8.06%

NCF
HL 0.25% − 0.95% − 1.59% − 3.16% − 3.38%

−NDRHL 2.43% 5.12% 6.33% 8.63% 11.43%
Panel B: Risk mechanism
�CF 0.000 0.009 0.006 0.000 0.037

(0.001) (0.261) (0.146) (0.002) (0.492)
�CF+ − 0.106 − 0.153 − 0.115 − 0.142 − 0.195

(− 0.001) (− 0.148) (− 0.077) (− 0.001) (− 0.258)
�DR − 0.064 − 0.072 − 0.086 − 0.106 − 0.183

(− 4.441) (− 4.550) (− 4.873) (− 4.630) (− 5.341)
�DR+ − 0.106 − 0.153 − 0.115 − 0.142 − 0.195

(− 1.920) (− 2.079) (− 2.059) (− 2.389) (− 2.217)
Panel C: Demand mechanism
�demand 26.744 24.305 36.645 45.624 105.053

(2.769) (1.753) (2.074) (2.329) (2.588)
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(below) the median ESG score, we use alternative cutoffs. 
In particular, we sell those stocks with an ESG score below 
the p-quantile and we buy stocks with an ESG score above 
the (1 − p)-quantile. We set p to 10%, 20%, 30%, and 40% 
(see Table 4). Finally, we use the level of the aggregate ESG 
score as a cutoff criterion. We then form the HL portfolio 
using the following cutoffs: short leg: ESG score below or 
equal to 3 (4); long leg: ESG score above or equal to 7 (6) 
(see Table 5).

In general, the results remain largely consistent with those 
presented earlier. They support the existence of the ESG 
return puzzle and its explanation by the demand channel. 
Furthermore, they are consistent with a further economic 
implication of the Fama and French (2007) demand model. 
That is, a tighter cutoff leads to a larger unexpected return, 
since stocks with a higher ESG score should experience a 
higher demand from investors with ESG preferences. For 
example, if the long (short) portfolio contains just 10% 
stocks with the highest (lowest) ESG score, the unexpected 
return increases from 2.68% (median cutoff) to 8.06% (Panel 
A). Thereby, the unexpected return can be primarily attrib-
uted to discount rate news (increasing from 2.43 to 11.43%). 
However, the risk channel does not seem to be supported 
by the data, since the decomposed discount rate betas are 
negative for all cutoffs (Panel B) and in most cases even 
significantly smaller than zero. Thus, there is no support for 
the hypothesis that H stocks are riskier than L stocks are. 
Rather, we observe that discount rate betas tend to become 
more negative for a tighter cutoff. For example, the discount 
rate beta falls from − 0.064 (column (1)) to − 0.183 (column 
(5)), indicating that H stocks become even less risky than 
L stocks. Further, the demand beta increases with a tighter 
cutoff (see Panel C in Table 4), which is an implication of 
the demand model of Fama and French (2007). However, 
we also observe a tendency that demand betas are estimated 
with lower precision when applying a tighter cutoff. This 
observation can be attributed to the fact that a tighter cutoff 
reduces the number of stocks in the HL portfolio, which 
makes the point estimate of the demand beta less precise.

Similar results are observed when we use absolute val-
ues of the ESG score as cutoffs: a tighter cutoff leads to a 
larger unexpected return (see Table 5). For example, if the 
long (short) portfolio contains those stocks with an ESG 
score above or equal to 7 (below or equal to 3), see last col-
umn, the unexpected return equals 6.43% per annum. The 
decomposition of this unexpected return reveals that cash-
flow news contributes negatively (− 2.89%) while discount 
rate news contributes positively (9.32%). These observations 
confirm our previous conclusions that discount rates of high-
ESG companies have fallen to a larger extent than those 
companies with low ESG ratings. Thereby, the risk channel 
is unable to explain the changes in the discount rate, as we 
observe a negative discount rate beta of the HL portfolio. In 
contrast, the demand channel receives additional support. 
That is, the share of ESG investors seems to be significantly 
related to the unexpected changes in discount rates. The 
estimated slope coefficient is about 95. In economic terms 
this coefficient implies that an increase in the ratio of ESG 
investors to all investors by 10%-points increases prices of 
ESG companies with a high ESG rating by 9.5% relative to 
very low-ESG companies. The results are consistent with the 
view that prices of H stocks rise faster (relative to L stocks) 

Table 5   The ESG return puzzle, cash-flow betas, and discount rate 
betas of the portfolio HL using alternative cutoffs

This table reports average returns of the portfolio HL which is long 
in H stocks (stocks with above or equal to median ESG scores) and 
short in L stocks with below median ESG scores). Returns of each 
in the portfolios H and L are equally weighted; the portfolio HL is 
long in H and short in L. Expected returns (ER) are derived from 
the four different models developed by Gebhardt et al. (2001), Claus 
and Thomas (2001), Ohlson and Juettner-Nauroth (2005), and Eas-
ton (2004), respectively “Average” refers to the mean expected 
return across the four models. UR refers to the unexpected return, 
which is decomposed into cash-flow news (NCF) and discount rate 
news (− NDR) using the method of Campbell and Shiller (1988). 
All returns are annualized using monthly returns in the calculations. 
Cash-flow and discount rate betas are computed following Campbell 
and Vuolteenaho (2004) as �CF
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The demand beta �demand is obtained from the regression 
−NDRHL

t
= � + �demand

⋅ Δdemand
t
+ �

t
 using quarterly returns over 

the sample period 2008 to 2018. t-values in parentheses

Base case (cutoff = 
median) (1)

L = [0–4] H = 
[6–10] (2)

L = [0–3] H 
= [7–10] (3)

Panel A: ESG return puzzle: cash-flow channel and discount rate 
channel

R
HL 2.26% 3.67% 5.92%

ER
HL − 0.42% − 0.58% − 0.51%

UR
HL 2.68% 4.24% 6.43%

NCF
HL 0.25% − 2.17% − 2.89%

−NDRHL 2.43% 6.41% 9.32%
Panel B: Risk mechanism
�CF 0.000 0.002 0.029

(0.001) (0.038) (0.451)
�CF+ − 0.106 − 0.150 − 0.146

(− 0.001) (− 0.021) (− 0.232)
�DR − 0.064 − 0.117 − 0.105

(− 4.441) (− 6.731) (− 3.370)
�DR+ − 0.106 − 0.150 − 0.176

(− 1.920) (− 2.870) (− 1.424)
Panel C: Demand mechanism
�demand 26.744 38.491 95.274

(2.769) (2.334) (2.857)

71 Reprinted from the journal



O. Stotz 

when demand from ESG investors increases and the rising 
prices can be explained by lower discount rates, which, how-
ever, are not driven by risk characteristics. In sum, alterna-
tive cutoffs are consistent with the demand channel.

Theme‑specific ratings

The previous sections have analyzed the aggregate ESG rat-
ing of MSCI, which is an industry-adjusted rating. Galema 
et al. (2008) argue that an aggregation over different ESG 
dimensions may have confounding effects and potentially 
introduce errors into the analyses. In this subsection, we 
therefore focus on the different dimensions of ESG individu-
ally, namely the ecological (E), social (S), and governance 
(G) dimensions. Although the MSCI rating methodology 
would allow us to use even more detailed dimensions, we 
abstain from doing so for several reason. First, it is likely 
that a more detailed level of the various dimensions of ESG 
is associated with a larger measurement error. Second, if 
ESG ratings of companies are made available to the public, 
it is mainly the top level rating. Thus, a more detailed level 
of ESG ratings is less likely to be recognized by investors.

The return decomposition is different for E, S, and G (see 
Table 6). Although for each score the unexpected return is 
positive (confirming the ESG return puzzle), its decompo-
sition delivers alternative explanations. Cash-flow news is 
somewhat positive for S and G, while discount rate news of 
the HL portfolio using only S scores is negative. Also, the 
unexpected return is the lowest for the HL portfolio using 
solely the S score.7 Adding the absolute scores of E, S, and 
G (denoted by E+S+G) and forming a HL portfolio results 
in an unexpected return of 3.56% per annum, outperform-
ing the HL portfolio using the best-in-class ESG score 
(base case, see last column). The higher unexpected return 
of about 1% per annum, however, can be attributed to bet-
ter cash-flow news. Thus, an ESG score using an absolute 
approach seems to select stocks that improve their funda-
mentals more effectively than using the best-in-class ESG 
scoring does.

The risk channel is not able to explain the decomposition 
results. Looking at the cash-flow and discount rate betas in 
Panel B, none of them is significantly larger than zero. The 
demand beta, displayed in Panel C, however, is larger than 
zero although the S dimension does not produce a significant 
coefficient (see column (2)). In sum, the analysis of discount 
rate news in relation to single E, S, and G measures suggests 
that the variation in expected returns is primarily driven by 
changes in investor demand for such characteristics.

Alternative weighting approaches and time periods

The base case approach uses an equal-weighted H and L 
portfolio to obtain the HL portfolio. In this subsection, we 
use a value-weighted HL portfolio. Additionally, we limit 
the sample to the most recent period 2013 to 2018 (instead 
of the full sample period from 2008 to 2018). Table 7 sum-
marizes the results for these alternatives. Column (1) dis-
plays the base case approach (equal-weighted HL portfo-
lio), column (2) shows the results for the value-weighted HL 

Table 6   The ESG return puzzle, cash-flow betas, and discount rate 
betas of the portfolio HL using individual E, S, and G scores

This table reports average returns of the portfolio HL, which is long 
in H stocks (stocks with above or equal to median ESG scores) and 
short in L stocks with below median ESG scores). Returns of each 
in the portfolios H and L are equally weighted; the portfolio HL is 
long in H and short in L. Expected returns (ER) are derived from 
the four different models developed by Gebhardt et al. (2001), Claus 
and Thomas (2001), Ohlson and Juettner-Nauroth (2005), and Eas-
ton (2004), respectively. “Average” refers to the mean expected 
return across the four models. UR refers to the unexpected return, 
which is decomposed into cash-flow news (NCF) and discount rate 
news (− NDR) using the method of Campbell and Shiller (1988). 
All returns are annualized using monthly returns in the calculations. 
Cash-flow and discount rate betas are computed following Campbell 
and Vuolteenaho (2004) as �CF
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The demand beta �demand is obtained from the regression 
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t
= � + �demand

⋅ Δdemand
t
+ �

t
 using quarterly returns over 

the sample period 2008 to 2018. t-values in parentheses

E (1) S (2) G (3) E+S+G (4) ESG (5)

Panel A: ESG return puzzle: cash-flow channel and discount rate 
channel

R
HL 3.23% 0.82% 3.14% 3.31% 2.26%

ER
HL − 0.23% − 0.29% − 0.15% − 0.25% − 0.42%

UR
HL 3.45% 1.12% 3.28% 3.56% 2.68%

NCF
HL − 0.95% 1.69% 0.84% 1.51% 0.25%

−NDRHL 4.40% -0.58% 2.44% 2.05% 2.43%
Panel B: Risk mechanism
�CF − 0.028 − 0.001 0.000 − 0.019 0.000

(− 0.778) (− 0.026) (0.010) (− 0.583) (0.001)
�CF+ 0.031 − 0.014 0.118 − 0.046 − 0.106

(0.463) (− 0.015) (0.006) (− 0.356) (− 0.001)
�DR − 0.024 − 0.027 − 0.012 − 0.026 − 0.064

(− 1.321) (− 2.015) (− 0.679) (− 1.627) (− 4.441)
�DR+ − 0.031 − 0.014 0.118 − 0.046 − 0.106

(− 0.663) (− 0.978) (0.335) (− 0.836) (− 1.920)
Panel C: Demand mechanism
�demand 41.396 3.588 54.548 27.531 26.744

(2.852) (0.288) (4.374) (1.937) (2.769)

7  Brammer et  al. (2006) even find a negative relation between an S 
score and the stock return in the UK.
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portfolio, and column (3) reports return characteristics for 
the more recent period.

Looking at the ESG return puzzle displayed in Panel A, 
we find that the unexpected return of the value-weighted 
HL portfolio over the full sample (column (2)) and the more 
recent sample (column (3)) is even larger than in the base 
case (3.56% and 4.51% compared to 2.68%). Thus, the base 
case seems to be a conservative approach to estimating the 
size of the ESG return puzzle. The unexpected return of 
the HL portfolio is driven primarily by discount rate news. 
Looking at the risk mechanism in Panel B and the demand 
mechanism in Panel C, the value-weighted HL portfolio in 
the full sample and the more recent sample largely confirm 
our previous conclusions. We find no evidence that stocks 
with a good ESG rating are more risky than those with a 

bad ESG rating. If at all, betas are smaller for H companies 
than for L companies, indicating that good-ESG firms are 
less risky than bad ESG firms are. However, the demand 
mechanism (shown in Panel C) receives support from the 
value-weighted HL portfolio, both in the full sample and the 
more recent period. It is interesting to note that the demand 
beta in the recent period is substantially larger than the esti-
mate we obtain in the full sample (126 versus 27). Therefore, 
the demand model of Fama and French (2007) seems to be 
a particular good explanation of stock returns when looking 
at the last years compared with the base case. In sum, alter-
native weighting approaches and different sample periods 
support the previous conclusion about the ESG return puzzle 
and its demand explanation.

Table 7   The ESG return puzzle, 
cash-flow betas, and discount 
rate betas of the portfolio HL 
using value—weights and the 
recent sample period

This table reports average returns of the portfolio HL, which is long in H stocks (stocks with above or 
equal to median ESG scores) and short in L stocks with below median ESG scores). Returns of each in 
the portfolios H and L are equally weighted; the portfolio HL is long in H and short in L. Expected returns 
(ER) are derived from the four different models developed by Gebhardt et al. (2001), Claus and Thomas 
(2001), Ohlson and Juettner-Nauroth (2005), and Easton (2004), respectively. “Average” refers to the mean 
expected return across the four models. UR refers to the unexpected return which is decomposed into 
cash-flow news (NCF) and discount rate news (− NDR) using the method of Campbell and Shiller (1988). 
All returns are annualized using monthly returns in the calculations. Cash-flow and discount rate betas 
are computed following Campbell and Vuolteenaho (2004) as �CF
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The demand beta �demand is obtained from the regression −NDRHL

t
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⋅ Δdemand
t
+ �

t
 using 

quarterly returns over the sample period 2008 to 2018. t-values in parentheses

Equal-weighted portfolios (2008–
2018)—(base case) (1)

Value-weighted portfolios 
(2008–2018) (2)

Value-weighted port-
folios (2013–2018) 
(3)

Panel A: ESG return puzzle: cash-flow channel and discount rate channel
R
HL 2.26% 3.31% 4.32%

ER
HL − 0.42% − 0.25% − 0.19%

UR
HL 2.68% 3.56% 4.51%

NCF
HL 0.25% 1.51% − 0.82%

−NDRHL 2.43% 2.05% 5.32%
Panel B: Risk mechanism
�CF 0.000 − 0.032 − 0.001

(0.001) (− 0.711) (− 0.041)
�CF+ − 0.106 0.034 − 0.052

(− 0.001) (0.412) (− 0.027)
�DR − 0.064 − 0.131 − 0.004

(− 4.441) (− 5.850) (− 0.349)
�DR+ − 0.106 − 0.034 − 0.052

(− 1.920) (− 2.860) (− 0.195)
Panel C: Demand mechanism
�demand 26.744 27.531 126.105

(2.769) (1.937) (2.581)
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Discussion and conclusion

Empirically, ESG stocks in the USA have performed bet-
ter than non-ESG stocks, although their expected returns 
are implied to be lower by valuation models. We refer to 
the different signs in realized and expected returns as the 
“ESG return puzzle.” A decomposition analysis of the 
unexpected return (i.e., the difference between the realized 
and the expected returns) reveals that the ESG return puz-
zle can be primarily explained by discount rate news. That 
is, good-ESG stocks have performed better than bad ESG 
stocks because investors have applied a relatively smaller 
discount rate to the former. Cash-flow news, however, is 
not systematically linked to the performance of ESG stocks 
relative to non-ESG stocks. This main result is robust to the 
identification of cash-flow news and discount rate news for 
which we use four different models.

We investigate two approaches which potentially explain 
the discount rate channel of the ESG return puzzle, i.e., the 
risk mechanism and the demand mechanism. We find that 
higher realized returns of ESG stocks (compared to non-
ESG stocks) cannot be explained by higher discount rate 
betas. This implies that traditional risk measures provide 
no explanation for the ESG return puzzle. We also inves-
tigate the demand channel, which is based on the model 
more recently proposed by Fama and French (2007). In their 
model, the demand for assets with non-financial characteris-
tics such as ESG are an important driver of expected returns. 
Approximating such an ESG demand by the ratio of ESG 
investors relative to all investors helps to explain discount 
rate news of good-ESG companies relative to bad ESG com-
panies. If the demand of investors with ESG preferences 
increases, it drives prices of good-ESG companies upward 
and expected returns downward. We provide several sensi-
tivity analyses which support the existence of the ESG return 
puzzle and its explanation through the demand mechanism. 
The observation that ESG stocks are primarily driven by 
investor demand (and not by improving cash-flow prospects 
or improving risk characteristics) has several implications 
for investors, policy makers, and companies alike.

Investors should be aware that if their demand drives 
stock prices up and discount rates (expected returns) 
down, past returns are a bad guide for future returns. In 
this case, higher realized returns for good-ESG companies 
relative to bad ESG companies can only be extrapolated 
into the future if additional demand from new investors 
with ESG preferences hits the market. However, at some 
point in time, the ratio of ESG investors cannot increase 
further (because 100% of investors have ESG preferences 
or because there is a stable equilibrium between ESG and 
non-ESG investors). Then, theory implies that realized 
returns should equal their expected returns over the long 

run. If the capital market reaches this point, ESG assets 
should deliver returns that are lower than in the past. This 
may disappoint some investors in the long-term if they are 
not willing to accept lower returns for holding ESG assets.

Second, from the perspective of the economy and policy 
makers, such a point may be desirable. Companies with 
good ESG characteristics can exploit a lower cost of capi-
tal relative to companies with bad ESG characteristics; 
thus, they have a competitive advantage and can finance 
their investments at lower costs. In the long term, the 
economy will improve their ESG characteristics. If this 
is the intention of policy makers, an additional regula-
tory framework, such as the European Union’s Taxonomy 
(European Union 2019), which is currently under discus-
sion and which will most likely be implemented in the near 
future, will support and increase the speed of the demand 
channel. Then, capital markets will become an effective 
tool for implementing ESG policies. What is important 
to note is that such a mechanism works independently of 
the common risk-return relations underlying most asset 
pricing models.

Third, companies should consider the key contribution of 
this paper: that a substantial part of the variation in expected 
returns (cost of capital) is explained by a demand from ESG 
investors which is not related to risk. The management of 
a company should be aware that there is such a preference 
function of investors which is partly unrelated to financial 
issues. This preference function seems to have changed 
toward ESG, and managers of firms that have recognized 
this seem to have profited from investor demand through a 
reduction in the company’s cost of equity capital which has 
led to a higher share price. This relation highlights a strate-
gic management issue: that of knowing the preferences of 
potential or actual shareholders. The question arises of who 
should earn the benefits from a reduced cost of capital and 
higher stock prices. The answer should concern shareholders 
when they set appropriate incentives for their management 
and appropriate rules for their remuneration. If these incen-
tives are (partly) related to the stock price, a good incentive 
system should differentiate between an increase in the share 
price stemming from good cash flows, from risk-reducing 
strategies, and from higher demand from investors (e.g., 
investors with non-financial preferences). Therefore, the 
results of this study may provide managers and sharehold-
ers alike with a roadmap on how non-financial characteris-
tics, such as ESG, relate to financial returns in the long-term 
perspective.

While our analysis is restricted to US stocks, we expect 
that results in other stock markets should be similar to those 
reported in this paper. The main justification for this conjec-
ture is the observation that the trend toward ESG investing 
is a global trend not only limited to the USA. The results 
of our study are derived from using the MSCI ESG rating 
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methodology. While MSCI ratings are one of the important 
sustainability ratings, it remains an open issue left for future 
research whether the same conclusions can be drawn from 
alternative ratings. However, the analysis of the drivers of 
returns (i.e., cash-flow news and discount rate news) and 
their potential mechanism (risk and demand) adds value to 
the understanding of the return differences between high- 
and low-ESG stocks. A focus on only returns may not be 
able to distinguish between the two explanations. In any 
case, the results provide investors and corporate managers 
with more complete information about how ESG relates to 
returns (expected and realized).
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