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Abstract

Do both financial-value and nonfinancial-values of sustainability affect asset prices? This
paper strives to answer by first providing a number of novel market-based evidence in support
of the two widely endorsed ESG ratings as suitable proxies for distinguishing value and values
associated with companies. With meticulous accounting for the distinction, I identify sizable
equity premia for both value and values through option-implied expected returns. Due to
unexpectedly persistent demand growth for sustainability-conscious assets, realized returns
mask true pricing effects, especially those attributable to values. Consequently, this paper
lends support to recent theoretical frameworks with non-pecuniary preferences and offers a
lens to understand why empirical literature has lacked consensus.
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1 Introduction

Over recent two decades, the size of professionally managed capital with environmental, so-
cial, and governance (ESG) considerations has grown exponentially in the U.S. and worldwide
and hit $17.1 trillion at the end of 2020 in the U.S. alone.! Simultaneously, mutual funds
and ETFs that are categorized as sustainable funds have experienced comparable growth
in net inflows, before contracting slightly for the last couple of years. Both academics and
practitioners have investigated what motivates integration of sustainability factors, but no
consensus has been reached yet. Mixed conclusions of empirical studies on the underlying
association between firm-level ESG assessments and expected returns have obscured the real
motivations behind ESG investing. Recent theoretical papers proposed potential drivers,
including financial value (e.g., hedging against material ESG risks and seizing growth op-
portunities via sustainability efforts) and non-pecuniary values (i.e., non-monetary utility
from investing in a socially responsible manner) of sustainable practices. Heinkel et al.
(2001), Pastor et al. (2021), and Zerbib (2022) focused on modeling values, while Pedersen
et al. (2021) featured both value and values. Empirical literature has provided some evidence
for value (e.g., Albuquerque et al. (2019), Hoepner et al. (2022), and Seltzer et al. (2021))
and limited evidence for values (e.g., Bialkowski and Starks (2016)), but has yet to jointly
identify the aggregate pricing effects of the two motivations and whether they can plausibly
explain the mixed evidence in the literature.? With only few experimental papers finding
investors’ willingness to forgo pecuniary rewards for promoting sustainability and empirical
evidence confronted with endogeneity issues due to persistent capital flows, the theories still
lack empirical support for their model implications to be fully appreciated.® In fact, in her
2023 American Finance Association’s Presidential Address, Starks (2023) argued such lack
of clarity and consensus arises from failing to acknowledge the distinction between value and
values and advocated for research that endeavors to “separate the influences of value versus

values” on asset prices, albeit challenging.

This paper responds to this call for research and offers a number of novel market-based

1See Figure IA.1 based on US SIF Report and US SIF Fast Facts for more details. The most recent
report applies more stringent criteria in computing ESG-integrating AUM for 2022, but it still amounts to
$8.4 trillion that is about one-eighth of total US AUM.

2 Admittedly, Pedersen et al. (2021) offered a way of reconciliation, but assumed investors rely on a
single ESG metric to fulfill (or not) the two, potentially distinct, preferences. They use an ESG metric’s
investor-demand predictability and firm-profit predictability as respective proxies for non-pecuniary and
risk-mitigating preferences which are largely disputable and endogenous. As a result, they are rather inept
at quantifying the equilibrium pricing implications of the two preferences.

3Experimental studies include Riedl and Smeets (2017), Hartzmark and Sussman (2019), Humphrey
et al. (2021), Bonnefon et al. (2022), and Heeb et al. (2022). For further discussion of endogeneity concerns
on empirical evidence, refer to final paragraphs of this section.


https://www.ussif.org/trends
https://www.ussif.org/fastfacts
https://www.ussif.org/currentandpast

evidence in support of the two widely endorsed ESG ratings—MSCI’s Intangible Value As-
sessment (IV A) and RepRisk’s ESG-risk index (RRI)—as suitable proxies for distinguishing
value and wvalues of sustainability factors associated with companies. Despite the novelty
and objectivity of the evidence, it is important to acknowledge an inherent limitation of
any approach using third-party ESG data in separating pricing effects attributable to value
and wvalues. First, investors’ sustainability considerations are rarely purely driven by either
value or values. For example, a company’s carbon abatement strategy can not only miti-
gate transition risk exposure but also help align investors with their environmental values,
depending on the company’s pledged abatement amount. Catering to such investors are
ESG rating providers whose data would intertwine both aspects. Nevertheless, based on the
well-documented disagreements across rating providers (e.g., Berg et al. (2022b)), every ESG
rating provider must have its own way of assessing and weighing between value and values
of companies’ sustainability practices. Consistent with the assertion is the fact that most
institutional investors subscribe to multiple ESG rating providers.? Therefore, examining
how dissimilar investors’ preferred ESG ratings in terms of their relative emphasis on value

versus values can be an avenue for disentangling the two more cleanly.

On the surface, IVA weighs in both wvalue and wvalues of sustainability associated with
companies. For the former, it evaluates companies’ exposure to material sustainability issues.
For the latter, it assesses their level of commitment, scope, and strength to promoting
sustainability standards. The final rating it assigns combines the two with an equal weight.
In contrast, RRI confines to value and restricts its scope to gauging firms’ exposure to
future sustainability-related risk events. At face value, one should be able to disentangle
the pricing effects of value and wvalues by including both IV A and RRI in every empirical
specification. However, an external verification of whether a marginal investor indeed views
IV A as relatively more values focused is necessary because the exact rating methodologies

are proprietary.

To this end, I first examine how each rating update differentially impacts stock turnover
decisions of actively managed, equity-focused, mutual funds. In particular, I divide funds
into two categories, conventional and sustainable funds, whose stated mandates or revealed
preferences differ in how they value portfolio alignment with sustainability principles. I find
that while funds uniformly shift away from stocks experiencing downgrades in value, denoted
as ESG® = —RRI, (i.e., lesser protection against material ESG events), significantly higher
fraction of sustainable funds tilt demand towards stocks experiencing upgrades in wvalues,

denoted as ESG™ = [V A (i.e., improved commitment to sustainability practices) than that

4See a recent survey conducted by SustainAbility, an ERM Group company.


https://www.sustainability.com/thinking/rate-the-raters-2020/

of conventional funds. Observed heterogeneity in reactions to ESGH changes signifies that
ESG* contains information more relevant to sustainability-conscious fund managers who
set out to meet certain sustainability targets as best as they can. Contrastingly homogenous
responses to FSG?®, on the other hand, indicates information revealed through ESG?® are
pertinent to all funds, which is to abide by the fiduciary obligation to maximize risk-adjusted
financial returns. In brief, this is a compelling evidence that equity premia associated with

ESG™ and ESG?, if any, are attributable to values and value motivations, respectively.

Armed with this knowledge, I use the two proxies, E.S G* and ES G%, to respectively quan-
tify the pricing effects of values and value by estimating equity premia associated with them
during the last decade and a half. In estimating the equity premia, a conventional approach
is to use ex-post realized returns as unbiased estimates of ex-ante expected returns over
the sample period. This paper, however, directly recovers ex-ante expected returns of in-
dividual stocks using parameter-free option-based measures following Martin and Wagner
(2019) and Kadan and Tang (2020). As mentioned, the amount of capital with ESG in-
tegration has continually soared since the aftermath of 2008 global financial crisis. Such
prolonged ESG demand surge marks a period of transition during which realized returns of
sustainability-(un)friendlier stocks are (downwardly) upwardly biased estimates of expected
returns.” Concurrently, the number of ESG-rating providers and their coverage of firms ex-
panded. As a result, an empirical study leveraging richer ESG data is constrained to focus
on the period exactly when the use of realized returns is most disputable. Indeed, in most
recent literature review papers, Coqueret (2021) and Whelan et al. (2021) document that
numerous studies using realized returns report mixed results on the association between ESG

and equity returns.®

The main finding, based on option-implied expected returns, is that investors ex-ante expect
significantly lower returns on firms generating higher values (ESGf}) or value (ESG®). Ex-
post realized returns fail to reveal such premia, especially those attributable to the former,
while the implied cost of capital (ICC)—an ex-ante approach to estimate the market’s dis-
count rate of a given firm via equating the firm’s stock price to the present value of expected
future cash flows—unearth the premia identified through option-based measures, reaffirm-
ing the bias in realized returns. Because options reflect agents’ ex-ante perception of risk

influenced by both values and value, they can better manifest the equilibrium sustainability

Svan der Beck (2021) shows that the outperformance of a representative ESG portfolio over the past
decade is primarily flow-driven, based on the quantitatively estimated valuation multiplier for stocks held
by ESG funds.

6For example, Whelan et al. (2021) find that 58%, 13%, and 21% out of more than 1,000 research papers
published between 2015 and 2020 report positive, neutral, and mixed associations, respectively. See also,
Table 5 in Gillan et al. (2021) for a short summary of selected papers with mixed evidence.



pricing effects than realized returns amid trending capital flows to sustainability-conscious

stocks.

More specifically, based on Martin and Wagner (2019) estimate of one-month-ahead expected
returns, S&P 500 stocks in the highest ESGH (ESG?®) quintile are expected to underper-
form those in the lowest ESG™ (ESG?®) quintile by 0.4% (0.4%) per annum. The result
is robust to using Kadan and Tang (2020) estimate of one-month-ahead expected returns
with return differentials reaching 0.8% and 0.9% per annum for ESG* and ES G3, respec-
tively. Even when the sample expands to include all U.S. stocks, the estimated premia
remain as sizable as 2.0% and 3.6% per annum, respectively. Values and value motivations
can explain the negativity of the equity premia. High-E£S G companies with better track
records of managing and advancing sustainability themes enjoy cheaper equity financing as
the marginal investor derives higher non-pecuniary utility and consequently requires less
pecuniary compensations. High-ESG® companies insulated from controversies and allega-
tions on sustainability issues provide better risk hedging, and hence, are traded at premium

leading to lower returns ex-ante.

Using option-implied expected returns, in addition to help uncovering sizable sustainability
equity premia that are consistent with economic intuitions of values and value motivations,
paves the way for further corroborating the interpretation that the equity premia arise from
the two motivations. Upon conducting a conditional double sorting of S&P 500 stocks, first
on the level of ESG™ and on their ESGS®, 1 find that higher ESG* rated portfolios are
expected to compensate lower returns to investors, irrespective of the overall ESG® level of
portfolios’ stocks, but not the other way around. For computing a given portfolio’s expected
return, I follow Martin and Wagner (2019) to back out each stock’s expected returns, equal-
or value-weight them, and then net out CAPM-based expected return of the portfolio. The
absence of any clear pattern among portfolios with different ESG? levels is most likely due
to omitting conventional risk factors that should correlate with sustainability risk factors.
Against such odds of not properly controlling for conventional risk factors, the fact that
the negative relationship between portfolios’ ESG™ level and CAPM-adjusted expected
return persists suggests the ESGH premium is not value driven. In addition, the negative
relationship exhibits strong monotonicity, indicating functional continuity of non-pecuniary
utility with respect to sustainability credentials, as modeled by Pastor et al. (2021) and
Pedersen et al. (2021).

In addition, I find ESG® premium evolves counter-cyclically, consistent with counter-cyclical
risk-based premia prevalent in the asset-pricing literature. By contrast, ESGH premium is

pro-cyclical, suggesting an altogether different mechanism. Juxtaposing the estimated sus-



tainability equity premia using option-based expected returns and ex-post realized returns
offers another supporting evidence; estimation based on realized returns leads ES G+ pre-
mium to flip its sign while that of ESG® premium stays intact. Given that a risk-averse
investor with or without any non-pecuniary consideration should have been requiring com-
pensations for investing in low-ESG?® since before the ESG-integration rush, one should
expect to correctly identify ESG® premium even with realized returns if investors read
ESG? as how much financial hedge a firm offers against material ESG risks. In other words,
the recent prolonged surge in ESG-integrating capital would be mainly driven by growing
non-pecuniary concerns, thereby elevating high-E£S G stocks’ realized returns and affecting
its equity premium estimate. Importantly, this observed gap between expected and realized
returns offers an explanation for mixed empirical findings of studies using a singular ESG
metric and realized returns; an ESG metric’s composition of information that concerns in-
vestors” values and value motivations can govern the degree and sign of sustainability and
return association a study infers. In sum, these results provide additional support for the

validity of ES G and ESGS as proxies for values and value motivations.

Finally, I take advantage of options data to investigate how each preference distorts investors’
ex-ante risk perception disproportionately across all realizable future events. To this end, I
deduce risk-neutral distributions of stock returns from option-implied risk-neutral moments
a la Bakshi et al. (2003) and study how the shapes of the distributions vary cross-sectionally
with respect to ESG* and ESGS. Consistent with values motivation, state prices of tail
outcomes shrink for higher ESG* rated firms as investors are effectively less concerned
about extreme pecuniary outcomes thanks to non-pecuniary utility they receive uncondi-
tionally from investing in them. Also, as expected, state prices of the left-tail outcomes
deflate for higher ESG®-rated firms due to enhanced downside-risk protections, but inter-
estingly enough, those of the right-side events decrease as well. Put differently, the latter
suggests investors desire cashing in on monetary returns of lower-value assets when they
perform well. This demonstrates investors seeking for pecuniary protections against nega-
tive non-pecuniary externalities, as suggested by Baker et al. (2022), because lower-value
firms can outperform in states when negative non-pecuniary externalities heighten. As an
illustration, during a global energy crisis when the push for renewable energy stalls, oil and
gas companies financially thrive. This imposes negative non-pecuniary externalites on values
investors (e.g., environmentalists), and in order to hedge, they rationally load up on lower

ESG® firms, pushing up the Arrow-Debreu prices of such states.

To the best of my knowledge, this paper is the first to acknowledge and rigorously ac-

count for the duality of sustainability integration and study their asset pricing implications



jointly using options-based measures. Prior empirical works have not distinguished values
from wvalue but used a single metric to represent them, and examined its asset-pricing im-
plications via realized returns. For example, Hong and Kacperczyk (2009), Di Giuli and
Kostovetsky (2014), and Bolton and Kacperczyk (2021) find the negative ESG-return rela-
tionship, whereas Edmans (2011), Dimson et al. (2015), Flammer (2015), Lins et al. (2017),
and Madhavan et al. (2021) find the opposite. Common to all of them is that they examined
realized return predictability of a single ESG proxy they adopt.” My contribution to this
long strand of literature on sustainability and cost of capital is to propose a more holistic
and refined approach that can explain its mixed findings. Better understanding on which
component of values and walue each paper’s proxy represents and checking robustness of
their results with ex-ante proxies for expected returns may lead to similar conclusions that

firms generating higher values and value should command lower equity cost of capital.

This paper also contributes to the growing literature on non-pecuniary preferences. Recent
experimental studies, including Riedl and Smeets (2017), Bauer et al. (2021), Humphrey
et al. (2021), and Bonnefon et al. (2022), documented subjects’ non-pecuniary considera-
tions in investment decisions. Empirical support for investors’ non-pecuniary preferences
mostly resides in the mutual-fund literature, focusing on fund flows. Bollen (2007), Ren-
neboog et al. (2011) and Bialkowski and Starks (2016) find net flows to socially responsi-
ble investment funds are less sensitive to past returns and other fund characteristics than
conventional funds. Hartzmark and Sussman (2019) present causal evidence that funds
attracted significant net inflows upon being categorized as high-sustainability funds unex-
pectedly. Fund-flow evidence, however, should not be taken at its face value. They rely
heavily on past realized-return volatility being a rightful statistic for a given fund’s under-
lying risk profile so that they can attribute positive flows unexplained by past volatility
to non-pecuniary considerations. In reality, ESG funds have attracted persistently growing
amount of new money that must non-trivially affect funds’ realized-return volatility over an
extended period of time, as highlighted by Pastor et al. (2022) and van der Beck (2021)
who find trending capital flows can mask true return expectations. Because misrepresenting
funds’ underlying risk profiles may lead to spuriously associating ESG funds’ resilient capital

inflows with non-pecuniary preference, evidence based on fund flows are suggestive at best.®

"Instead of realized returns, El Ghoul et al. (2011) and Chava (2014) use implied cost of capital de-
rived from accounting-based models and analysts’ earning estimates, respectively, and document negative
relationship. Still, they both rely on a single ESG metric.

8The private-market evidence in Barber et al. (2021) show venture capital investors accept lower pecu-
niary returns for private impact investing funds than other VC funds, but they also rely on the standard
deviation of ex-post internal rates of return to control for risks. Jeffers et al. (2021) find no underperformance
of impact funds relative to comparable private market strategies when market risk exposure is accounted for
based on the approach by Korteweg and Nagel (2016).



My paper overcomes such limitations by directly assessing how non-pecuniary preferences in-
fluence investors’ ex-ante forward-looking expectations and perceptions, using flow-immune
options-based measures and a non-pecuniary-benefit proxy. Therefore, I complement these
studies by identifying sizable pricing effects of non-pecuniary preferences, even after properly
accounting for ESG-risk and other well-known risk premia. This empirical evidence estab-
lishes a firmer connection with theories modelling non-pecuniary preferences (e.g., Heinkel
et al. (2001), Fama and French (2007), Pastor et al. (2021), and Pedersen et al. (2021)) by

micro-founding their assumptions.

Lastly, I contribute to the very recent literature on ESG and option prices. Focusing on
whether climate risk is priced ex-ante, Ilhan et al. (2021) find the cost of protection against
left-tail risks is larger for more carbon-intense firms. Cao et al. (2021) broaden the scope to
overall ESG, proxied by Refinitiv’s ESG rating that faced a backlash from Berg et al. (2021a)
due to its retrospective back-filling issue, and argue investors pay premium for options that
offer coverage against volatility, volatility risk, and jump risks of poorer ESG-rated firms.
Methodologically, the paper is most closely related to Sautner et al. (2023) in uncovering
ESG-related equity premia using options-based expected return measures. In addition to two
measures | use, the authors consider an expected return measure of Chabi-Yo et al. (2022)
in which investors care about higher-moment risks. While it enriches their analyses on time-
series variation of risk premium, they focus on quantifying climate-related risk premium
rather than a broader ESG-risk premium. More importantly, none of these papers tries to
separate values and value to shed light on inherently distinct motivations for sustainability

integration.

The remainder of the paper is organized as follows. Section 2 describes the data and provides
definitions of key variables. Section 3 starts by assessing how and whether investors react to
changes in the two most long-standing ESG ratings via mutual funds in order to understand
if each rating can serve as a proxy for values and wvalue motivations. Quantifying equity
premia associated with the two proxies using option-implied expected returns follows and
section 4 offers several other evidence that further validates the proxies. Section 5 concludes.

All tables and figures are presented in the appendix.

2 Data

In this section, I describe the data, how I collected and processed them, and methodologies

to construct new variables that are used to produce results presented in section 3 and later.



2.1 ESG Metrics

I use two different data providers on firms’ ESG assessment: MSCI’s Intangible Value As-
sessment (IVA) rating and RepRisk’s Reputational Risk Index (RRI). Out of the list of
most frequently used ESG ratings by institutions, IVA and RRI have the longest time se-
ries, stretching back to 1999 and 2007, respectively. Refinitiv’s ESG rating, formerly known
as Thomson Reuters Asset4, starts from 2002, but it is of annual frequency, and more im-
portantly, according to Berg et al. (2021a), Refinitiv constantly backfills the data, so the
rewritten data diverge from what investors actually saw at any given time. Sustainalytics,
another go-to ESG rating provider now a Morningstar company, was not chosen over IVA
or RRI due to its shorter time-series since 2014 and its abrupt methodology change in 2018

to shift focus on measuring companies’ ESG-risk exposures.’

MSCI IVA Rating With more than 1,700 clients including asset managers, underwriters,
etc., MSCI IVA ratings have clearly been one of few leading providers of ESG assessments
at the firm level. According to recent surveys and interviews on investment firms by Sus-
tainAbility, an ERM Group company, MSCI IVA is the most often used by investors mainly
due to its broad coverage, qualitative reports that accompany scores, and methodology most
oriented towards the investment use case.! They cover more than 3,800 U.S. firms and
14,000 firms worldwide at the end of 2020. Also, they cover the longest time span starting
from 1999 as MSCI acquired RiskMetrics in 2010 who acquired both KLD Research and
Analytics (creator of KLD STATS, founded in 1988) and Innovest Strategic Value Advisors
(creator of IVA, founded in 1992) in 2009. MSCI discontinued KLD and kept IVA as the
core methodology on which MSCI’s flagship ESG rating is built and offered to investors.!!

MSCI collects data from company disclosures to macro data such as academic, government,
NGO, and stakeholder datasets. As a descendant of Innovest IVA, MSCI IVA has continued
the legacy of evaluating key performance metrics within the key ESG issues listed in Figure 1
to arrive at overall ESG ratings for companies. Now labeled as ESG management metrics,
these performance metrics are designed to assess companies’ historical ESG policies and
programs. Such emphasis on the track record inevitably leaves backward-looking footprints
in IVA rating, despite of MSCI claiming it informs about a firm’s ESG-risk exposure. No-
tably, IVA’s within-industry variation heavily depends on analysts’ calculation of robustness
of built-in strategies in maintaining a strong track record of performance in managing ESG

risks and opportunities. Because the rating fluctuates based on past ESG performances, it

9For more information on methodology change, see Morningstar report in 2019.
Ohttps://www.sustainability.com/thinking/rate-the-raters-2020/
HF¥or details on origins and histories of MSCI ESG rating construction, see Eccles et al. (2019).
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is intuitively linked to investors’ non-pecuniary preferences who derive (dis-)utility based on

how (mis-)aligned a company’s built-in ESG profiles are with their ESG standards.

For all empirical analyses, I use IVA raw score (ESG{}) that aggregates raw E; S, and G
pillar scores according to their respective importance weights that vary across GICS Sub-
industry level (8-digit) industries.'? A higher score is assigned if the company has had strong
initiatives or track records of oversight on one or more key issues in Figure 1 that have
been deemed particularly important for its industry. IVA industry-adjusted score further
adjusts the raw score to represent companies’ ranks relative to their global industry peers.
Because the paper focuses on US-incorporated firms whose shareholders are predominantly
representative of US investors, such additional industry benchmarking may not be desirable
in understanding their ESG preferences.! ESGH ranges from 0 to 10 and are updated upon
arrivals of new and significant information which can be as frequent as monthly. Hence, the

data is of monthly frequency spanning from to September 1999 to December 2021.

RepRisk RRI Rating Founded in 2006 originally as a part of the investment bank UBS,
RepRisk provides information on firms’ exposures to ESG risks to numerous institutional
clients, from major hedge funds to large banks, by tracking news of CSR-related incidents
of firms. RepRisk adopts machine learning technology to screen over 100,000 information
sources on ESG news that are related to one of the 28 predefined incidents listed in Figure 2.
These sources include print and online media (including local, national, and international

media), NGOs, government agencies, think tanks, social media, and many other sources.

Unlike MSCI IVA rating, RepRisk’s Reputational Risk Index (RRI) is designed to be forward-
looking as it only monitors incidents (e.g., allegations, accusations, criticisms) that can have
financial impacts on a company in some realizable future states (e.g., regulations, social
movements, extreme weather events). It excludes company self-disclosures to further insulate
its rating from capturing a company’s ESG status quo or credentials. Consistent with this
unique approach, Berg et al. (2021b) find RRI is the least correlated ESG rating with other
well-known ESG ratings. Presumably, therefore, ESG® = —RRI should quantify the level
of ESG-risk hedge a given company provides, an information of interest for any risk-averse

investors that is potentially distinct from (or partially overlap with) what E.S o captures.

ESG® ranges from —100 to 0 and is updated daily from Jan. 2007. ESG® of —25 to 0
indicates a high ESG-risk hedge where the majority of assessed firms belongs, —49 to —26 a

121t should be noted that the assigned importance weights can be different across companies in the same
industry, albeit rarely.

13Gtill, all of the results in section 3 and onwards are robust to using industry-adjusted ESG™. See
internet appendix Table IA.1, for example.



medium ESG-risk hedge, —74 to —50 a low ESG-risk hedge, and —100 to —75 an extremely
low ESG-risk hedge. ESG® of a firm decreases whenever a firm experiences a new ESG
incident. How much it decreases depends on the severity and novelty of the incident as well
as on the reach and intensity of the news about the incident, albeit it rarely falls below —60.
ESG?® recovers to —25 within a few months and to 0 within two years if a firm stays free from
new incidents over the period. Importantly, ESG® does not put different importance weights
on 28 ESG issues across different sectors, unlike £.5 G, Moreover, most large multinationals
are expected to rarely stay above —26 due to their global footprint and salience vis-a-vis

media and stakeholders.!*

Notably, Glossner (2021) and Yang (2022) documented higher ESG?® predicts lower frequency
of future corporate bad news, regulatory penalties, and litigations, while the latter surpris-
ingly finds higher ES G* is associated with more of those incidents within ‘E’ dimension
and does not predict less of them in ‘S’ dimension. Such discrepancy between the two is

going to be in line with what later sections discover about them.

2.2 Mutual Funds Holdings Data

In section 3.1, I look at how mutual funds adjust portfolio holdings to firm-level ESGH
and ESG® updates to examine their validity as proxies for values and value motivations,
respectively. To this end, T retrieve monthly (with gaps) mutual fund characteristics and
holdings data from CRSP Survivor Bias-Free Mutual Fund Database from Jan. 2003 to Dec.
2020 following Lettau et al. (2021) who point out CRSP provides the most comprehensive
data on mutual fund holdings since 2002. The same CRSP portno is assigned to funds
with multiple share classes, so they are treated as a single fund. Also, I restrict the sample
to actively managed U.S. domestic equity funds by omitting index funds and ETFs. I drop
observations on dates when funds (i) held less than 90% of total net assets (TNA) invested in
CRSP stocks (i.e., stocks with CRSP-assigned permnos), (ii) held less than 100 unique CRSP
stocks, or (iii) managed less than $1 million TNA.'® Finally, I keep funds with tenure of 2
years or longer (i.e., portfolio holdings data available for more than 2 years). Using permnos
(and corresponding permcos) of portfolio holdings, Compustat-based firm-level fundamentals

and ESG proxies are merged in.

14See section IA.2.3 for how ESG integration varies across domestic and multinational companies.

5Kacperczyk et al. (2008) used 80% of TNA as their threshold to define an equity-focused funds. Chen
et al. (2021) and Chen et al. (2004) screen out funds with less than $5 and $15 million, respectively. Results
in section 3.1 are robust to these screening variations.

10



2.3 Options & Equity Markets Data

I obtain daily data on U.S. individual stock options from Ivy DB US OptionMetrics. The
dataset includes the daily highest closing bid and lowest closing ask prices, trading volume,
open interest, and Cox et al. (1979)’s binomial model-implied volatility of each American-

style option whose underlying stock’s closing price is also available.

I extract US-listed equity and index options from Jan. 2000 to Dec. 2021 that mature in
about a month (within 15 to 45 days-to-maturity) and expire at the end of the third week of
the month. To further ensure analyses to be based on actively traded options with minimal
data errors, I keep options with positive volumes traded, positive highest closing bid, and
positive lowest ask prices. Finally, I remove options with missing values for implied volatility.
Only few options with maturity longer than a month survive after such screening procedure,

precluding a study on the term structure of ESG equity premia.

Option-implied ex-ante Returns Martin and Wagner (2019) (MW, hereafter) derive a

parameter-free formula for the ex-ante expected return on an equity market index constituent

where the options of a stock and its index are traded. This theoretically motivated and

empirically validated approximation of individual stock’s expected return uses option-implied

risk-neutral variances of the stock and the index it constitutes. With log-utility investors
_ Cov*(Ri,Rm)

and realizing that a typical stock’s risk-neutral market g* = ar () is not too far away

from 1, MW establish the following expected-return-lower-bound equation with equality

E[Ris+1] — Ry
Ry 41

1 _
= SVIXZ, + (svzxgt - waf) , (1)

where SVIX,,; and SVIX,,; represent risk-neutral variances of the index m and its con-
stituent stock i, and finally SVIX ? = >, witSVIX}, is a value-weighted average of risk-
neutral variances of all index constituents. I choose S&P 500 index as the benchmark market
index not just because option contracts with wide range of moneyness are actively traded
but also because the ESG metrics have extensive coverage on S&P 500 firms. To identify
time-varying S&P 500 constituents and their respective w;, I retrieved time-series of SPDR
S&P 500 ETF Trust (ticker: SPY) stock holdings using both Thomson Reuters S12 mutual
fund holdings data (until 2010/3) and CRSP Survivor Bias-Free US Mutual Funds portfolio
holdings data (from 2010/6) in order to get away from the reliability issue of CRSP Hold-
ings data on SPY pointed out by WRDS Research. For dates without information about
w; ¢ while that about the number of shares held is available, I use stocks” CUSIP identifiers
to collect stock prices reported by CRSP Security Files database and impute w; ;.
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Branching out from the same theoretical ground of MW using Martin (2017) approach,
Kadan and Tang (2020) (KT, hereafter) provide formula for the lower bounds of individual

stocks’ expected returns as follows:

VGT? (Ri,t+1 )

Ei[Rit41] — Rprs1 > 7
fit+1

, (2)
where Vary(R; 1) denotes risk-neutral variance of stock 4’s return. More stringent than
MW, KT requires individual stocks to meet Martin (2017)’s negative correlation condition
(NCC), not just their market index. KT derive sufficient conditions under which NCC holds
under a variety of conventional asset pricing models with standard or recursive Epstein and
Zin (1989) preferences

Covt(Mt,t—&-lRLt—&-l, Rz‘,t+1) <0, (3)

where M;;,; denotes a one-period state-price deflator (SDF) between time ¢ and ¢ + 1. For
different models, the sufficient conditions boil down to an asset i having (i) non-negative
correlation with the market return and (ii) assumed relative risk-aversion parameter 7 suf-

ficiently high. More specifically, KT first-order approximate the sufficient conditions for
Var:(R; +)
Covt(Rti,t,Rtm’z) :

lower bound of expected returns for stocks that meet (i) Cov(R; s, Rpnyt) > 0 and (ii) 6;¢ < 7y

individual stocks with §;; = This leads to KT measure being a legitimate
for previous 12 months. Hence, depending on the range of acceptable ~, the scope of NCC-
satisfying stocks shrinks. Nevertheless, I include all S&P 500 stocks, except those that fail
to meet (i), as KT document more than 99% of CRSP-listed S&P 500 stocks satisfy NCC
under Epstein and Zin (1989) utility specification with v around 5.

Risk-neutral Moments of Returns Including SV IX measures, this paper requires
higher moments of the risk-neutral probability distribution (RND) of a month-ahead re-
turns to understand how the two distinct motivations for sustainability integration perturb
the distribution both qualitatively and quantitatively. The seminal work by Breeden and
Litzenberger (1978) establishes the relation between RND and European call option prices
over a continuum of strike prices spanning the possible range of future payoffs. Using their
approach, MW define

Ryi4152,

e,t

2) Se,t 00
swxg,t:—[/ pe(t,t+1,K)dK+/ ce(t,t+1,K)dK], cc{i,m}, (4)
0 S,

where Ry, is the gross risk-free rate from time t to ¢ + 1, S, the underlying equity e’s

time-t spot price, and ¢.(t,t+ 1, K') and p.(t,t+ 1, K) denote call and put prices that expire
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at time t + 1 with strike K.

Evidently, the precision of SV I X measures to risk-neutral variance suffers from the lack of far
enough out-of-the-money call and put options being traded. Figlewski (2010), among many
others, suggested inter- and extrapolation methods on observed implied volatilities to infer
option prices over a continuum of strike prices from a smoothed volatility surface. To avoid
unnecessary smoothing and overshoots, I interpolate using a piecewise cubic Hermite poly-
nomial with clamped endpoints, following Malz (2014), avoiding violations of no-arbitrage
restrictions. Continuum of out-of-the money call and put option prices emerges to compute
SV IX measures. If I observe implied volatilities of both a call and a put option with the
same strike price K, I compute the volume-weighted implied volatility for a given moneyness

to better incorporate relative liquidity of the two options following Aramonte et al. (2021).

For higher risk-neutral moments, I follow the model-free derivations of Bakshi et al. (2003).

In particular, the 7-period risk-neutral return skewness and kurtosis at time ¢ are given by

SKEW( ) — CTWT) =3t T)e TV (ET) + 2plt, ) 5
( ,7> - [erfTV(t, 7_) . M(t7 7_)2]3/2 ) ( )
KURT(t,7) = e X (t,7) — 4plt, T)‘E;:;Z//Ei, :; —t i.e(;fz;%f;ﬂ V(t,7) = 3u(t, ) ©

where V(¢,7), W(t,7), and X(¢,7) are prices of the volatility, cubic, and quartic contracts,
respectively; u(t, 7) is the risk-neutral expectation of the log return over the period 7; and
r¢ is the time-t prevailing risk-free rate.!® As with SVIX measures, SKEW (t,7) and
KURT(t, ) critically depend on the availability of out-of-the-money call and put option
prices. I follow the same procedure as outlined earlier to populate them over wide range of

strike prices to approximate these moments.

Because the paper focuses on U.S. stocks and their options traded on American exchanges,
individual stock and market index options are of American style. To reconcile it with Eu-
ropean style option-implied measures, I use binomial option pricing model a la Cox et al.
(1979) to account for early exercise premia when pricing options with their corresponding
inter- or extrapolated implied volatilities. Because OptionMetrics provided volatility surfaces
of American options based on the same binomial-tree model, all of inter- or extrapolated
elements in the formulae are effectively European-equivalents, following Carr and Wu (2009)

among others. Hence, the above risk-neutral moment identities are applicable to U.S. stocks.

16See Theorem 1 and its proof in Bakshi et al. (2003) for details. Also, see appendix TA.1 for how pu(t, )
differs from the risk-neutral mean imputation of Bakshi et al. (2003).
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Equity Prices & Fundamentals Daily stock returns, price, trading volumes, and shares
outstanding are obtained from the Center for Research on Security Prices (CRSP). The
accounting data are collected from Compustat. I focus on individual common stocks (CRSP
share codes of 10 and 11) that primarily trade on AMEX, NASDAQ, or NYSE (CRSP
primary exchange codes of ‘A’, ‘Q’, or ‘N’ respectively). The daily Fama-French factors
and risk-free rates are from Kenneth French’s data library. The details of all of the control

variables constructed from these datasets are presented in Table 1.

2.4 Final Panel

For the sample period from Jan. 2007 to Dec. 2021, I merge all data sources to construct a
monthly panel of firms with ESG metrics, ex-ante expected monthly stock returns, option-
implied risk-neutral moments, stock prices and firm fundamentals. For backward looking
variables such as past 12-month return volatility and 36-month rolling CAPM-3, the data
prior to Jan. 2007 is used. The month-end date is the last trading day of the third week,
which is the most popular, hence actively traded, option expiration date. CRSP, Compustat,
and OptionMetrics data are merged using CRSP/Compustat Merged and OptionMetrics-
CRSP linking tables available on Wharton Research Data Services. MSCI IVA rating iden-
tifies firms with both ISINs and CUSIPs while RepRisk RRI rating does with ISINs only. To
match each unique publicly traded firm, represented by a CRSP identifier permco that tracks
historical CUSIPs of the same firm, with its corresponding ESG metrics, I use the Refinitiv
Eikon database to construct a linking table that amasses all ISINs and CUSIPs ever assigned
to securities issued by every unique firm in the sample. This leaves only few firms with more
than one matched ESG ratings, mostly due to ESG data providers either (i) treating different
identifiers for the same firm separately or (ii) lagging consolidation (severance) of ratings
at the time of mergers (spin-offs). For them, I manually choose the most time-consistent
ESG rating, but almost all of such cases have ESG ratings identical when rounded up to
nearest decimal. Finally, I exclude financial sector stocks (i.e., 6000 < SIC Code < 6999)

and observations when previous month’s stock prices were below 1.17

Tables 2 and 3 provide summary statistics of the final panel from Jan. 2007 to Dec. 2021
when both ESG™ = IVA and ESG® = —RRI data are available. Almost all S&P 500
stocks are assigned with both ESG* and ESGS ratings during the sample period, while
roughly less than half of CRSP stocks carried both during the same time period. Not

surprisingly, S&P 500 stocks are on average bigger in size and assets, more growth-oriented,

17 All of the results in section 3 and onwards are robust to (i) using NAICS 2-digit code to exclude financial
sector, (ii) additionally excluding utility sectors (4900 < SIC Code < 4949) or (iii) not excluding any sectors.
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lower in leverage, and higher in earnings. They are much more liquid and their prices are less
volatile. Interestingly, in both samples, the average time-series correlations of the two proxies
COTT(ESG?, ESG?) are close to 0 with only few companies having ]Corr(ESGf}, ESGY)| >
0.5. Given that ESG? is quite persistent and rarely jumps for any given firm, such low
Pearson correlation coefficient highlights the dissimilarity between the two. If one proxy
is specialized in gauging non-pecuniary ESG aspects while the other calibrates the degree
of material ESG-risk hedge, then we should expect COTT(ESG? ,ESG?) ~ 0 on average.
Following sections provide several qualitative and quantitative evidence for how dissimilarly

investors interpret them based on more rigorous empirical tests.

3 A Tale of Two Sustainability Premia

Before attempting to quantify equity premia associated with the two ESG proxies and at-
tribute them to walues and walue motivations, it is critical to investigate how investors
integrate ESG™ and ESG® information differently. As described in section 2.1, ESGH
and ESG® are quantities based on distinct rating methodologies and information sets, albeit
not completely unrelated. In particular, £SG® weighs in the breadth of media coverage on
ESG-risk incidents above all. Furthermore, ESG® disregards voluntarily reported company
disclosures, unlike ESG™ which relies on them for company-specific information. Specific
to BESG™ is evaluating the track records of companies’ performance in managing key ESG
issues within their industries and awarding ESG-promoting commitments and policies.'®
Therefore, £S G s likely to reflect historical ESG performances and pledges more so than

ESG® that aims at measuring preparedness for future negative ESG incidents.

If each metric is deemed informative about what it claims to assess, then ESG-conscious
investors would naturally integrate the two metrics separately. To verify whether such pre-
condition holds, however, needs an objective test than self-disclosed information about the
ratings. Therefore, I first devise a novel test that examines the changes in stock holdings of
equity-focused mutual funds upon their portfolio firms’ £'S G and Jor ESG? rating updates.
Recognizing the discrepancies in stated ESG mandates or revealed sustainability preferences
across funds and analyzing how differently they adjust holdings upon ESG™ and ESG®
updates should uncover how each proxy is perceived. Then, I estimate the two sustainability
equity premia using option-implied expected returns over the sample period and see whether

those estimated using ICC, another ex-ante measure of firm’s discount rate, backs up.

18For the actual rating changes based on such criteria, see this Bloomberg article.
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3.1 ESG Ratings as Values and Value Proxies: Mutual Funds

This section examines mutual funds’ turnover decisions upon ESG-rating events in order to
test the core hypothesis of the paper—ESG-conscious investors attend to E'S G* and ESGS
to fulfill their values and value motivations, respectively. More specifically, I study how the
cross-section of actively managed equity-focused mutual funds adjusts stock holdings upon
ESG rating updates. Active fund managers proactively reassess and rebalance funds’ security
holdings to be aligned with professed investment strategies and styles. Hence, portfolio
holdings adjustments reflect managers’ due diligence and, therefore, reveal their preferences.
In all likelihood, revealed preferences and prospectuses would be heterogenous across different
funds and fund managers. For example, ESG funds that elect or mandate to integrate
companies’ ESG practices and records would respond more sensitively to news about portfolio
companies’ ESG policies, such as public commitments and actions to promote societal goals,

than traditional funds would.

Still, all active mutual funds share the common goal of outperforming the benchmark indices
in a risk-adjusted sense. As they strive for maximizing Sharpe ratios within their constraints,
any incidents in portfolio companies heightening overall portfolio risk should cause rather
homogenous shunning of such companies across mutual funds. Namely, in the ESG context,
mutual funds would tilt towards stocks providing more protections from future ESG-risk
events. Therefore, mutual funds provide an ideal setting to test whether E.S G* and ESGS
proxy for walues and wvalue motivations, respectively. If the above hypothesis is valid, then
only ESG funds should increase/decrease portfolio weights on firms underwent meaning-
ful ESG™ upgrades/downgrades while all mutual funds increase/decrease portfolio weights
on firms whose ESG® notably improves/deteriorates. Moreover, £S5 G* and ESG® rating
updates are arguably exogenous in that both ESG raters exhibit periodicity and that it is
unlikely for mutual fund holdings change to have any significant repercussions on third-party
ESG ratings.

To assess mutual funds’ sensitivity to portfolio companies’ ESG* and ESGS updates, [
first apply moderate screens enumerated in section 2.2 on all CRSP-listed mutual to ensure
funds in the final sample are not unsophisticated noise traders and have enough skin in the
game to act in accordance with generating superior risk-adjusted returns in the long-run.
Then, I assess ESG™ and ESG® sensitivities in a two-staged regression. In the first stage,

I estimate the following regression for each mutual fund 4,

Aw;pe = a; + 2iwipi—1 + GpABL L + CxAXing + Ming, (7)
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where A denotes the first difference over 3 months, w; 5, the value weight of a mutual fund ¢ on
a stock holding h at time ¢, 7} , a stock h’s 36-month rolling market beta, and a vector X; .,
stacks firm fundamentals. Note that w; ;’s are as of at the last day of month ¢, while other
regressors (i.e., Bl Xihts ESGﬁ’t, and ESGih’t) are as of at the end of third week of the
same month ¢. Changes in these regressors, therefore, always precede weight adjustments.
I exclude financial sector stocks and holdings with w;n; < 0.1% or w;p—1 < 0.1% from
the analysis. Even stocks without ESG* or ESGS rating are included in the first stage
to precisely estimate coefficients in (7). This effectively disciplines the estimated residual
Nine = Aw;py to encapsulate variation that is unexplained by the traditional risk factors

and any potential omitted variables linearly correlated with the risk factors.
In the second stage, I regress the recovered residual Aw; ;; on changes to ESG* and ESGS.
Specifically, I estimate

N - - 2 ot
Ath’t — a’i + b’L AESG’i,h,t X ]]_|AESG$¢‘ZOI + 6i,h,t’ (8)

7

~ $ 3 $ $
Awipe = a; +0;AESGY, , X Lapscs, <ot €ine:

where 1 7
|AESG)y ,[>0.1

and 1 AESGS, <0 AI€ indicators that equal 1 if the absolute changes
in ESG™ and the change in ESG® ratings are greater or equal to 0.1 and less than 0,
respectively, and equal 0 otherwise. These thresholds are chosen so that b? and bf capture
sensitivities to meaningful, non-mechanical, changes to ESG™ and ESGS. The threshold
0.1 for ESG™ is chosen so that ESG-irrelevant rating adjustments such as those due to
changes in industry composition or benchmarking can be excluded. The threshold 0 for ESG*
is chosen because an ESG incident shoots down ESG?, after which it slowly appreciates
over time under RepRisk’s discretion as described in 2.1. Econometrically, the first-stage
estimated coefficients may be biased if the first-stage controls and ESG ratings, which are
omitted from the first stage, are correlated. However, the estimated residual Aw; 5, should
still pick up the variation that is yet to be explained by the ESG ratings’ variation that are
unrelated to the first-stage controls. Therefore, the estimated b? and b should capture the

pure effects of ESG rating changes on portfolio-weight rebalancing, if any.

For statistic inference, I count up the number of mutual funds with estimated bf} and b}
coefficients significantly different from zero out of (i) all funds in the sample, (ii) traditional,
non-ESG, funds, and (iii) ESG funds—funds that received 4 or above “globes” from Morn-
ingstar’s sustainability rating at the end of 2021. The rationale behind focusing on comparing
the counts rather than the magnitudes of b? and bf across fund categories is the complica-

tion of comprehending any statistical tests for the latter, provided that the degree of ESG
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sensitivities can widely vary across funds subject to heterogeneous fund-specific requisites
within the same category. To add statistical context to the counts, I set a null hypothesis
under which each mutual fund’s sensitivity to ES G or BESGS updates is negligible and as-
sumed to be randomly drawn. That is, under the null, each sensitivity coefficient b; follows a
Bernoulli distribution that equals 0 with probability 1 — p or non-zero with probability p for
every mutual fund ¢. Plausibly assuming positive correlation across mutual funds’ turnover
decisions, if the null hypothesis is true, then the counts of b;’s significantly away from zero

converges in distribution to

#(057 #0) L N(np,np(1 —p)(1L+p(n — 1)), esg € {3,$} (9)

using normal approximation to the binomial where n and p > 0 denote the number of distinct
mutual funds in the sample and the pairwise correlation in stock turnovers, respectively.!?
I estimate p by averaging pairwise stock turnover correlations of all possible mutual fund
pairs that have commonly held stocks at any given time. Namely, I compute Pearson’s
pairwise linear correlation coefficient on (Aw; p¢, Awy p¢) for all i # /. Pairs with less than
50 commonly held stocks or correlation coefficient not significantly different from zero at

10% level are dropped.

Panel A of Table 4 tabulates the counts of significantly non-zero b and b® of (8) at a two-
tailed 10%, 5%, and 1% significance levels, corresponding to p = 0.05, 0.025, and 0.005 of the
null hypothesis, respectively, for counts of either b;* > 0 or < 0. Column numbers (1), (2),
and (3) correspond to cases where I include 36-month market 3, Carhart 4-factor §’s, or firm-
characteristic variables (consisting of firm market value, book-to-market ratio, past 6-month
momentum, past 6-month average turnover, leverage, earnings per share, and investment) in
the first-stage regression, respectively. Using the above normal approximation, I can reject
the null at 10%, 5%, or 1% significance levels if the cumulative distribution function evaluated
at the observed counts exceeds 0.9, 0.95, or 0.99, respectively. Superscripts *, **, and *** are
attached to the observed counts accordingly. First of all, based on the counts of funds with
bf} < 0 or b} < 0 out of all mutual funds, I fail to reject the null hypothesis for bf} or b¥.
However, I reject it at 1% significance level for bf based on the counts of bf > 0. A large
number of mutual funds immediately and markedly increase the fraction of wealth allocated
to firms experiencing £SG® improvements. Price appreciation of such stocks must follow,
predicting a negative ESG® equity premium. Interestingly, £SG®*-induced demand tilts are

largely universal across fund ESG categories. The homogeneity in mutual fund responses to

DFor a detailed derivation of the normal approximation to the correlated binomial, see Theorem 1 of
Diniz et al. (2010).
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ESG® changes suggests it proxies for the level of pecuniary hedge against ESG-relevant risks
which should be of interest to all mutual funds who are to mitigate material risk exposures per
their fiduciary duty. Unlike ESG®, the counts of bf} > 0 feature heterogeneity across fund
ESG categories. While ESG funds show signs of non-negligible demand tilt towards stocks
with ESG™ upgrades, traditional funds’ responses seem muted. ESG funds consciously put
more importance weights on non-pecuniary ESG factors, be they portfolio companies’ ESG
management track record or credentials, than traditional funds. Naturally, they attract and
cater to a group of clienteles who value these attributes. Therefore, disproportionately more
powerful rejection of the null hypothesis with ESG funds than with traditional funds implies
ESGH appraises non-pecuniary ESG factors.

Panel B of Table 4 reports the same counts as panel A, but uses an empirical distribution
of counts for inference. Specifically, at each time ¢, I jumble up all stock-level ESG-proxy
pairs and randomly assign them back to stocks without replacement. In brief, for every
stock h, its ESG-proxy pair (AESG,?;, AESG}%) is reassigned to a randomly drawn stock
h', followed by reassignment of (AESG,?,,“ AESG}S;,J) to randomly drawn stock h”, and so
forth. Everything else remains intact so that the random reassignments of ESG-proxy pairs
preserves ESG-irrelevant turnover correlations across all fund pairs (p; ., Vi # ') and error
distributions of (7), among others. Iterations of counting significantly non-zero b and b8
of (8) after the random reassignments produce an empirical distribution of counts under the
null hypothesis. Not assuming p; » = p > 0 Vi # i’ should further discipline the inference
and yield more conclusive evidence. Empirical p-values are computed after 2,000 iterations

and superscripts *, **, and *** denote p-values less than 0.1, 0.05, and 0.01, respectively.

Strong homogeneity in mutual fund responses to £SG® changes remain across fund ESG
categories as shown by Panel B of Table 4. In fact, every count of b* > 0 is still significant
at 1% level, demonstrating a unanimous tilting towards stocks with ESG® increases. More
importantly, there exists a clearer distinction in E'S G sensitivities between traditional and
ESG funds. Significantly higher fraction of ESG funds react positively and strongly to £.S o
improvements than that of traditional funds, causing sizable fraction of all funds significantly
up-weighting in stocks with E.S G* inflations.20 Because the sample focuses on long-lasting
mutual funds with large AUM, prices of these stocks would endogenously appreciate for an
extended period of time. Therefore, mutual funds’ substantial, yet heterogenous, ESGH
sensitivities predicts a negative E.S G equity premium that is mainly driven by investors
with values motivations. In fact, Berg et al. (2022a) and Chen et al. (2021) find similar results
that mutual funds with a dedicated ESG strategy adjust their stock ownership in response

20Results are robust to other ESG-fund definitions (e.g., MSCI fund ratings above A or funds with
Morningstar-identified ESG mandates) and to inclusion of funds with more than 80% TNA on CRSP equities.
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to ESG rating up- and downgrades. My result confirms and extends their main finding
by implementing a two-staged regression that recovered b™ more accurately by netting out
other well-known risk-based sensitivities. Most importantly, this evidence based on mutual
funds affirm the validity of ESG*™ and ESGS as respective proxies for values and wvalue

motivations in sustainability integration.

3.2 [Ex-ante Sustainability Equity Premia

Having established the validity of ESG proxies as representing investors’ values and value
motivations, this section conducts an empirical analysis to identify and quantify equity pre-
mia associated with the two proxies as accurately as possible. If ESG-conscious investors
have been controlling a significant fraction of market participants’ total wealth, equilibrium
equity prices must adjust to cross-sectional variations in E'S G* and ESGS. The main chal-
lenge for studying equilibrium pricing effects of the two motivations over the last decade or
so is the issue of ex-post realized returns not necessarily being rightful proxies of ex-ante
expected returns due to persistent growth in capital flowing into ESG-friendly assets over
the time period. As mentioned before, the size of professionally managed assets with ESG
analysis and strategies in the U.S. has been growing exponentially in the recent decade. This
survey-based identification of AUM of ESG-focused money managers is backed up by con-
current and comparable growth in net flows to sustainable funds.?! During such prolonged
demand shift diverges the gap between ex-ante expected returns and ex-post realized returns
to the extent that the latter no longer unbiasedly estimate the former, as pointed out by a
number of papers including Elton (1999) and Pastor et al. (2022).

In this section, I address the challenge directly and compute parameter-free ex-ante expected
returns by MW, as described in section 2.3, to identify equity premia associated with vari-
ations in ESC metrics ESG™ and ESGS. Also, I use KT’s expected return lower bound
estimates to leverage its applicability to equities that do not constitute major market in-
dices.?? Both measures, as theoretically shown in internet appendix IA.1, should reflect not
only investors’ pecuniary risk considerations but also their non-pecuniary preferences, if ex-
ist. More importantly, they should be unaffected by trending ESG capital flows. Even if

investors form expectations of continuing capital inflows to ESG-friendly assets, risk-neutral

2'Morningstar estimates flows for 315 open-end and exchange-traded funds that it defines to have ESG
focus. This includes equity, fixed-income, allocation, and alternative funds, in which the first two has
attracted the majority of the capital poured in.

22Chabi-Yo et al. (2022) generalize the expected return estimate to reflect higher order moments, but
necessitate an additional restrictions on the prudence parameter (i.e., skewness preferences), unlike MW or
KT. Furthermore, the statistical outperformance of their lower-bound’s tightness is arguably granted by an
additional degree of freedom estimating time-varying, stock-specific, parameter 6 that satisfies NCC.
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variances of such assets would hardly change because consequent depreciation (appreciation)
of out-of-the-money put (call) option prices should only perturb the first moment, if any,
not the higher moments. Relatively more susceptible to flow-induced biases are ICC mea-
sures and ex-post realized returns, hence I investigate whether using them leads to different

conclusions, and if so, what we should infer from them.

To identify and quantify ESG equity premia as precisely as possible, I estimate the following
Fama and MacBeth (1973) regressions

B[RS, = a+ MESGH + MESGS, + ¢ X,y + 141,

EJRS, ] = o+ MESGY + m1(ESGY < 2) + MESGH x 1(ESGY < 2) (10)

+ MESGE, + ul(ESGE, < —40) + M ESGE, x L(ESGE, < —40) + ¢' X4 + 1041,

where IL(ESG;% < 2) and ]l(ESGit < —40) are dummy variables that equal 1 if ESG;7 is
in the lowest quintile and if ES Git falls below —40 to be in the lowest quintile, respectively,
and 0 otherwise. All regressors, except for factor (’s, are standardized to mean 0 and
standard deviation 1 at each month. Also, at each month, the regressors are winsorized at
the top and bottom 5% only for the level variables, except for ESG? and ESG?, not the
logarithm variables. All regression specifications of this paper winsorize regressors in this
way with an only exception of R when used as a regressor. All results are robust to 1%
winsorization. Because ESG;% and E'SG?, can be correlated over time at the stock level,
I intentionally include both in the regression to alleviate omitted variable biases that may
arise if both meaningfully explain expected-return variations. The vector X stacks potential
pricing factors, including 36-month rolling market beta, firm market value, book-to-market
ratio, past 6-month momentum, past 6-month average turnover, leverage, earnings per share,
and investment.?> The parameter \’s are of interest that estimate pricing effects of both ESG

proxies and detect non-linearities, if any.

Table 5 tabulates the results, with the first 6 columns for MW expected-return measure
EMW[R; ;11] and the last 6 columns for KT expected-return measure EXT[R; ;11]. Under MW
measure, [ confirm significantly negative equity premia for both ES G and ESGS at the 5%
and 1% significance levels, respectively, based on Newey and West (1987) autocorrelation
corrected standard errors in empirical specifications with different sets of pricing factors.
All else equal, in the richest set-up controlling for well known pricing factors, 1 standard

deviation increase in ESG™ is associated with about 12 basis points (b.p.) per annum drop

23The results are robust to using the illiquidity measure of Amihud (2002), gross-profitability measure of
Novy-Marx (2013) (or return-on-equity), and capital expenditure, instead of turnover, earnings per share,
and investment, respectively. Details of these alternative variables are provided in Table 1.
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of one-month-ahead MW returns expected by shareholders. This is tantamount to 0.36%
decrease in expected returns per annum for firms moving from the lowest to highest E.S G
quintile. For ESG®, 1 standard deviation increase results in 14 b.p. decrease in one-month-
ahead MW expected returns per annum, which is equivalent to around 0.43% decrease when

firms are put to highest £SG® quintile from the lowest.

In fact, the magnitudes based on MW measure are possibly underestimates. It is important
to note that MW derive an exact formula for expected returns of any stocks that constitute
the market, assuming log-utility preference for investors. Given the assumption is not too
far-fetched, MW measure must inherit the cross-sectional and time-series variations of the
actual expected returns, and hence ideal for accurately pinning down the signs of \’'s. We
know, however, CAPM with relative risk-aversion parameter v = 1 severely underestimates
the observed equity premium. This suggests the true magnitudes of ESG pricing effects

could be higher, while the estimated (negative) signs of \’s are presumably accurate.

In contrast, KT measure applies no such restriction on «. In turn, it only manages to specify
a lower bound on expected returns of stocks that meet sufficient conditions to ensure (3).
Nevertheless, if the lower bound co-moves with the actual expected returns at least partially,
then it could be an improved proxy for expected returns to uncover the magnitudes of \’s
more precisely. Indeed, the estimated pricing effects of ESG* and ESGS approximately
double under the KT measure, as shown in latter 6 columns of Table 5. Firms with lowest
quintile ESGH ratings are expected to compensate about 0.76% per annum higher in one-
month-ahead returns than those with highest quintile £S G ratings, while firms with lowest
quintile ESG® ratings are expected to compensate about 0.9% per annum higher in one-
month-ahead returns than those with highest quintile £SG® ratings. Admittedly, the relative
crudeness of KT measure may misconstrue the actual magnitude of ESG pricing effects.
Nonetheless, that the results are robust to using KT measure is particularly convincing,

considering it is constructed to only partially capture the true variations of equity premia.

Moreover, I find similar results in an expanded sample of stocks including non S&P 500
companies, as shown in Table 6. The inclusion arguably injects randomness that hampers
statistical power. Yet, the same directionality of ESG pricing effects persists and the size
of the effects multiplies across empirically reasonable range of v. In addition, I perform
several additional robustness checks, starting with running another Fama and MacBeth
(1973) regression using estimated factor exposures (i.e., 5’s) identified in Carhart (1997) and
Fama and French (2017) as X;; in equation (10), instead of firm fundamentals. Although Kim
(1995) points out this framework invites an errors-in-variables problem and may overestimate

the magnitudes and significance of non-factor coefficients, Table 7 reports extremely high
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t-statistics for A\; (significant at 1%) and A, (significant at 1% or 5%) across all specifications,
alleviating the concern of spurious inference.?* Secondly, because MW and KT measures,
unlike realized returns, can be sticky over time for any given stock and depress standard errors
(i.e., inflate statistical significance) of Fama and MacBeth (1973) regression coefficients when
used as y-variables, I check whether running cross-sectional return-predictability regressions
that cluster standard errors by stock leads to the same inference. Table 8 confirms this as
the estimated ESG equity premia are comparable to those in Tables 5 and 6. Finally, to
disprove ESG premia are merely capturing the underlying industry-specific premia, Table 9
reports cross-sectional return predictability regression of equation (10) where I use MW or
KT expected-return measures and include Fama-French 49 industry fixed effects within the
sample of S&P 500 stocks. The industry-controlled ESG equity premia estimates are largely
comparable to those in Table 5 in terms of their magnitudes and their statistical significance
is at 5% level in the time windows when ESG preferences strengthen (see section 4.3 and

Figure 3 for a detailed discussion on time-series variation of ESG premia).?

Throughout the analyses, I examined potential non-linearities of ESG pricing effects and
negative screenings, motivated by recent papers including Hartzmark and Sussman (2019)
and Humphrey et al. (2021). The predominance of negative screenings in socially responsible
investing practice would predict stronger pricing effects around the tails—the lowest E.S G+
and lowest ESG® firms—because of the lack of risk sharing among investors who end up
holding more of these tail assets than they desire, as pointed out theoretically by Heinkel
et al. (2001). However, I fail to reject the null that the overall ES G effect is quantitatively
similar near the tails in all cases. More action occurs within the lowest quintile ESG®
stocks in both S&P 500 and all CRSP samples. As shown in Tables 5 and 6, extremely
poor ESG-risk hedges seem to carry a non-negligible markup (5\2) in expected returns per
additional revelation of material ESG liabilities. This indicates negative-screening practices
mostly pertain to attenuating downside pecuniary ESG-risk exposures. Interestingly enough,
extremely poor ESG-risk hedges seem to be valued at a premium with lower expected returns
on average (i.e., negative uy). I provide a rationale for it in relation to ESG-conscious
investors’ hedging demand in section 4.4. Determining why there lacks evidence for non-
pecuniary-based screening is out of the scope of this paper. Yet, the facts that (1) investors
do not necessarily exclude assets based on aggregated ESG profile but laboriously assess

each element in E, S, and G categories and (2) U.S. money managers are not as actively

24The baseline regression that includes estimated market 8’s is not immune to the problem, but there is
no evidence to suggest any systematic correlation between the two ratings and estimated market 5’s at the
firm level, which is the source that causes biases.

25Gection IA.2 examines cross-sectional variations of the ESG equity premia and shows the premia are
not explained away by other factors such as industry, institutional ownership, and multi-nationality.
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excluding ESG-sin assets as Europe (see Figure IA.2) may render plausibility to it.

3.3 Implied Cost of Capital

Another well-known ex-ante approach to improve upon the weaknesses of using realized
returns as a proxy for expected returns is the implied cost of capital (ICC) measure. Ac-
counting literature has proposed a number of approaches in estimating future cash flows of
a firm, including Gebhardt et al. (2001) (GLS, hereafter), from which the discount rate that
equates the present value of future cash flows with the underlying stock’s current price is
computed. Therefore, ICCs as discount rates must vary according to how investors ex-ante
integrate values and value information, as these motivations move current stock prices. More
importantly, the robustness of results based on ICCs would alleviate the sample-selection
concern of previous analyses in which I restrict the sample to only include stocks whose

options are traded with sufficient liquidity.

Nevertheless, ICCs are not as flow-immune as option-implied expected returns to the extent
that current prices of ESG-(un)friendlier stocks adjust non-trivially to investors’ expectations
of continuing capital inflows (outflows) in the future. For example, an ESG-insensitive, but
rational, investor would long ESG-friendly stocks in expectation of surging prices due to
trending ESG capital, thereby elevating their current prices. Notice, this effect, if exists,
is on top of how actual ESG preferences affect the prices ex-ante, and hence, can cause
overstating the ESG equity premia associated with ESG* and ESGS. Still, examining how
the results based on ICCs are comparable to those based on MW and KT and distinguishable
from those based on realized returns can reassure us about the unexpectedness of ESG capital

flows and in which specific dimension (ES G* or ES G%) is the unexpectedness concentrated.

In estimating annual ICCs in each month ¢, T strictly follow the approach of Hou et al.
(2012) (HVZ, hereafter), which builds on the classic framework of GLS but replaces analysts’
earnings forecasts with regression-based forecasts.?® I choose regression-based GLS as the
ICC method because Lee et al. (2021) show it produces the most precise expected return
estimates in the cross section out of several popular methods.?” Table 10 tabulates the
estimates of equation (10) where ICC is the new proxy for E,[R{7,,] with the first and last
4 columns use S&P 500 and all CRSP stocks as samples, respectively. Similar to the results
based on MW and KT, both A\; and )y are significantly negative, even for the expanded
samples of all CRSP stocks including those without actively traded options. The robustness

26See section 2 and Table Al of HVZ for further details. The minimum solution accuracy—the gap
between a stock price as the left-hand-side and the discounted present value as the right-hand-side at a given
discount rate—is set at le—5.

2"The results are robust to other methods discussed in HVZ as shown in table IA.2.
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of the signs and statistical significance with ICC not only validates MW and KT as proxies for
expected returns but also underscores investors’ integration of ESG information contained
in BESG™ or ESGS. Furthermore, consistent with potential overstatement of statistical
significance using [CC, the t-statistics for the coefficients are much higher than those of

Table 5 for S&P 500 stocks.

4 Additional Evidence for Proxy Validity

Recall section 3.1 established the validity of E.S G and ESG® as respective proxies for how
much a stock is perceived to provide non-pecuniary benefit and ESG-risk hedge for investors.
Now that they are both shown to carry significantly negative ex-ante equity premia suggests
it is unlikely the premia arise from the same cause, consistent with the premise that investors
integrate both ESG information separately. In fact, I find statistically more significant equity
premia when I orthogonalize E.S G* and ESG? from each other for each stock and estimate
premia associated with the orthogonalized ESG metrics (see Table IA.3 and IA.4). The ro-
bustness indicates the ratings represent mutually exclusive—non-pecuniary vs. pecuniary—
ESG aspects and the quantified ESG premia are not biased. Nevertheless, given numerous
issues around ESG ratings including measurement errors, this section presents additional
evidence that refute both equity premia sharing the same underlying source. Careful ex-
aminations of ex-ante ESG equity premia, juxtaposing them with those estimated based
on ex-post realized returns, and analyzing option-implied risk-neutral distributions yield

complementary insights into how differently investors comprehend ES G* and ESGS.

4.1 Non-Risk vs. Risk

If investors learn about firms’ non-material and material ESG profiles from ESG* and
ESG?® respectively, then the identifiability of ESGH equity premium is expected to be
less affected by the omission of risk factors with which ESG® should correlate more. To
find supporting evidence, I try a conventional portfolio sort to see whether equity premia
associated with ESG™ and ESGS are identifiable even in a less rigorous empirical framework.
More specifically, I divide stocks into 25 (5 x 5) quintile portfolios based on the levels of
ESG™ and ESG®. In each month t, I sort stocks into 5 groups according to ESG™.
Within each ESG™ group, I further sort stocks into 5 groups according to ESG®.2® For
each portfolio, I compute both value-weighted and equal-weighted MW expected returns,

283 x 3 and 7 x 7 portfolio sorts yield similar results that I discuss below. Moreover, using KT expected
returns, which expand the universe of stocks to all CRSP-listed stocks, also exhibit similar trends.
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net of market risk premium estimated through 36-month rolling market g of each portfolio,
and rebalance it in month ¢ + 1. I avoid netting out other factor risk premia as it involves
estimation of portfolio-level factor exposures that is known to exacerbate errors-in-variables
concern. Also, I construct zero-cost trading strategies LMH in which an investor takes long
positions in the lowest ES G+ (ESG®) quintile and short positions in the highest E.S G+
(ESG?®) quintile within each of 5 levels of ESG® (ESG{:}) to assess equity premia in each
dimension. Finally, I compute expected return of a “long low-ES G low-ESGS and short
high—ESG{}—high—ESG&’ portfolio in bold red.

Panels A and B of Table 11 report value-weighted and equal-weighted MW expected returns,
respectively. Because I only adjust for the market risk premium, the tabulated expected re-
turns of portfolios are mostly positive and significant. Even with these crude measures that
are likely to comprise other risk premia, high-F£S G* stocks have been consistently associated
with significantly lower ex-ante premia than low-ES G+ stocks, suggesting .S G premium
is largely orthogonal to risk-related premia and arises from non-risk considerations. Con-
ditional on ESG-risk hedge level, both value-weighted and equal-weighted expected returns
almost monotonically decrease as ESG™ increases. Moreover, unconditional to ESG-risk
hedge level, investors expect the ESG* LMH portfolios to generate significant monthly
net-of-market excess returns of at least 1.2% per annum. Much less obvious is the pricing
implication of ESG®. First of all, given ESG{}, no discernible relation between expected
returns and ESG? exists. Also, £SG® LMH portfolio returns in Panel A and B contradict
in which the former (latter) suggests positive (negative) ESG-risk hedge premium. The fact
that bigger sized firms are more prone to ESG controversies (Glossner (2021)) and that in-
vestors command lower premia from them in general can partially reconcile this divergence
and side with negative £SG® premium that I document in section 3. Admitting that firms’
ESG profiles may covary with their exposure to other systematic risks, the identification of

BSG™ premium through a rudimentary analysis hints at non-risk makeup of ES ek

4.2 Expected Returns vs. Realized Returns

Recovering ex-ante returns requires assumptions. Although both MW and KT measures
rely on arguably benign assumptions on the degree of investor risk aversion, they inevitably
have limitations as estimates. Nevertheless, they should better manifest ex-ante perception
of investors than ex-post realized returns, especially when unanticipated shocks persist long
enough for the latter to belie investors’ ex-ante ESG integration. In other words, if investors
expected persistent demand surge for ESG products and efficiently priced such information

in, then the same analyses using realized returns should reveal comparable pricing effects of
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both ESG™ and ESGS. Otherwise, any considerable wedge between \ estimates based on
expected and realized returns should inform us about in which ESG dimension(s) a series of

unexpected demand shocks has materialized.

[ start by estimating (10) via Fama and MacBeth (1973) regression, replacing E;[R§7, ;] with

ti+1- Table 12 shows almost all ESG?® coefficients are not statistically significant for the
samples with and without non S&P 500 stocks. Interestingly enough, the E'S G coefficients
turn positive, albeit insignificantly, for both samples. Because realized returns of individual
stocks exhibit idiosyncracies more markedly than expected returns by nature, I also run a
cross-sectional return predicability regression that controls for both time and industry fixed
effects. Namely, I estimate the following regression for any realized return of a stock ¢ in an

industry j of Fama-French 49-industry classifications at time ¢ + 1

R = a+0;+ v, + MESGT + i 1(ESGP < 2) + MESGE x 1(ESGY < 2)

. (11)
+ XM ESGY, 4+ paL(ESGE, < —40) + M ESGE, x L(ESGS, < —40) + ¢' Xy + €141,

where ¢ denotes the calendar quarter at month ¢, 6; and v, denote industry and quarter fixed
effects, respectively.?? They absorb any unobservable industry- and time-specific trends that
influence ex-post stock returns and potentially confound the ESG pricing effects. Table 13
reports the estimated coefficients and t-statistics based on clustered standard errors at the
stock level. A noticeable change occurs to ESG® coefficients \y’s that are significantly nega-
tive for both samples with and without S&P 500 stocks. Although the effect is concentrated
for extremely poor ESG-risk hedge within S&P 500 stocks, the association between realized
returns and ESG? is consistently strong to infer negative ESG-risk hedge premium. Lowest
ESG?® quintile S&P 500 firms outperform the highest ESG® quintile S&P 500 firms by a

sizable 7.4% per annum over next month ex-post, all else equal, in the richest specification.

While the re-estimated Ay suggests alignment of expected and realized returns, the re-
estimated ESG™ coefficients consistently suggest otherwise. Similar to the results in Ta-
ble 12, negative ES G premium vanishes and now turns significantly positive throughout
the specifications in both samples of S&P 500 stocks and all CRSP stocks, consistent with
higher-ES G stocks experiencing unexpected capital inflows that elevate ex-post returns.°
This echoes not only the meta analysis of Friede et al. (2015) who document 90% of aca-
demic studies prior to 2015 find non-negative (and mostly positive) relation between ESG
profiles and returns but also the practitioners’ rhetoric of “doing well by doing good.” Also,

notice the signs (or statistical significance) of momentum and earnings-per-share coefficients

29Results are robust to using 2-digit or 3-digit NAICS industry fixed effects.
30Table TA.5 and IA.6 show robustness of the result using orthogonalized ESG metrics.
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flip using realized returns as a dependent variable. Taken together, the results based on
realized returns affirm quantitatively important differences between expected and realized
returns over the sample period. That the empirical literature has produced mixed results
using realized returns in various time horizons, as summarized by Gillan et al. (2021), calls

for an improved proxy for expected returns.

That being said, realized returns producing a flipped conclusion only on the £S G premium
can serve as another evidence for proxy validity of ESG* and ESGS. As long as ESG*
reflects investors’ view of firms’ insulation from non-diversifiable ESG-risk events, risk-averse
investors with or without any inclination for sustainability must have been requiring less pe-
cuniary compensations for funnelling capital to high- £SG® firms. That is, the unexpectedly
prolonged ESG-investing boom that has elevated appreciation for ESG-friendly stocks would
hardly alter investors’ attitude towards mitigating material risks. Indeed, in both samples
with and without S&P 500 stocks, higher ESG?® predicts lower ex-post returns over next
month—an estimated Ay or A + Ao of (11) is significantly negative, as shown in Table 13.
Contrastingly, £'S G coefficients of (11) diverge both qualitatively and quantitatively from
those of (10). In fact, £S G+ positively predicts ex-post returns for all U.S. firms. This sug-
gests the information contained in E.S G{}, particularly those that are orthogonal to ESG?,
is less relevant to pecuniary risks but rather embeds non-pecuniary aspects of firms to which
increasing amount of capital has become attentive. That a prolonged escalation of capital
with non-pecuniary considerations can elevate realized returns of high—ESG{} stocks and
widen the wedge between their expected and realized returns conforms with the conclusion

that ESG™ equity premium arises from non-pecuniary considerations.

4.3 Cyclicality of ESG Equity Premia

Including a seminal paper by Fama and French (1989), there exists a large empirical literature
documenting counter-cyclical risk premia on various asset markets: Gilchrist et al. (2009)
for stocks and corporate bonds, Ludvigson and Ng (2009) for Treasury bonds, and Lustig
et al. (2014) for currencies. Theoretical controversies about the formation of time-varying
discount rates are largely unresolved. Still, they all focus on innovations that perturb agents’
pecuniary considerations." Therefore, if ESG® measures the quality of ESG-risk hedge, then
one should expect the magnitude of ESG® premium to be counter-cyclical. Also, if ES ek

premium does not exhibit counter-cyclicality, then it must be less relevant to pecuniary risks.

Figure 3 plots the time-series dynamics of the ESG premia calculated from the sample of

31E.g., Campbell and Cochrane (1999), Bansal and Yaron (2004), and Wachter (2013) for habit-formation,
long-run risk, and disaster risk models, respectively.

28



S&P 500 stocks over a rolling window of past 3 years. Top (bottom) panels are using MW
and KT expected return measures in which the solid lines are negated values of ESGH
(ESG®) X estimates of the first regression in (10) and surrounding dashed lines represent
95% confidence intervals. Notice, the ESG® premium, based on both MW and KT measures,
was higher during the 3-year window that mostly overlaps with the Great Recession. As the
economy entered into the recovery phase, the premium slowly subsided and even became
negligible before turning significantly large at the onset of COVID-19 recession. In contrast
to counter-cyclicality of ESG® premium, I find ESGH premium to be pro-cyclical which
hardly sides with the risk-related interpretation. During the Great Recession, the premium
was negligible, and only after the recession does it become significant when ESG integration

picked up its pace (see Figure TA.1).

In fact, exactly when ESG™ premium arises do realized returns diverge from expected
returns in estimating the £.S G+ premium. Figure 4 overlays the \’s and their 95% confidence
bands estimated from (11) on Figure 3. For comparability, all variables, including expected-
and realized-return variables, are standardized in both (10) and (11) regression models. The
discrepancies between estimated ES G premium (top panels) using option-based ex-ante
returns and ex-post realized returns for the sample of S&P 500 stocks start to enlarge from
mid-2010s and remain statistically significant until the end of the sample period. On the
other hand, no significant divergence is observed in ESG® dimension as the dynamics of
the point-estimates based on two return measures resemble each other and their confidence
bands overlap throughout. This suggests the flow-induced bias in realized returns over the
last decade is mostly due to market participants awakening to ESG non-pecuniary benefits
or developing preferences toward them over the period. Such contrasting trends between the
two ESG premia remain even when expanding the rolling window to past 4 or 5 years or
when the sample composites all CRSP stocks as illustrated in Figure [A.3 and TA.4. All these
evidence rationalize the interpretation that ESG* and ESGS premia stem from investors’

non-pecuniary and pecuniary considerations, respectively.

4.4 Risk-neutral Distribution

Analyzing risk-neutral distribution (RND) of stock returns is another avenue for understand-
ing how investors perceive information contained in .S G* and ESGS differently. Based on
option-implied risk-neutral moments a la Bakshi et al. (2003), the probability density on all
realizable future states can be recovered, uncovering investor ex-ante risk perception across
all future states. Therefore, cross-sectional variations in the shape of RND with respect to
ESG™ and FSG® must inform on the mechanisms through which the two ESG information
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are priced in.

Building on the evidence from mutual funds and others, if ES G proxies for non-pecuniary
benefit, then investors should effectively be less risk-averse towards investing in stocks with
higher £S G ratings. Unconditional utility gain from holding higher-ES G* stocks raises
the certainty equivalent of investment and makes investors effectively less risk-averse against
uncertain pecuniary outcomes, and hence, the prices of Arrow-Debreu securities that pay
out upon tail events should be lower. If ESG?® informs about a stock’s downside ESG-risk

protection, then state prices of left-tail events should be lower for higher ESG? stocks.

To test such predictions, I first estimate the relationship between risk-neutral moments
and ESG metrics by simply replacing the dependent variable in (11) with Bakshi et al.
(2003) parameter-free estimates of centralized risk-neutral moments. In addition to including
quarter and industry fixed effects, I control for return volatility of past 12 months to prevent
unobserved firm-specific idiosyncracies from confounding the true relationship. First of all,
Table 14 shows that risk-neutral volatility decreases with ESG™ and ESGS for S&P 500
stocks. The relation cannot serve as a litmus test, but can be explained by non-pecuniary and
risk-mitigating preferences, respectively. The higher non-pecuniary utility an investor enjoys
from owning an equity claim, the less pecuniary compensation she requires from it in all
future states, pushing down its risk-neutral volatility. Also, improved protections from non-
hedgeable downside risks should reduce the risk-neutral volatility, as they comfort risk-averse
investors and attenuate risk-neutral densities around the left tail. In fact, this result on risk-
neutral volatility shows robustness of the findings in section 3. Recall, MW and KT expected
return measures are based on risk-neutral variances, so finding a directionally identical result
from a cross-sectional regression with Bakshi et al. (2003) risk-neutral volatility estimates

further corroborates the findings of ESG equity premia.

Next, the results on higher moments, presented in and Table 15, paint a more complete
picture on how ESG™ and ESGS alter the overall shape of RND. As expected, the risk-
neutral skewness increases with £SG® across entire FSG® domain. Put together with de-
creasing risk-neutral volatility for higher ESG® stocks, we can infer investors’ diminished
concern for downside realizations of higher ESG® stocks. Decreasing risk-neutral kurtosis
with E.SG® supports this interpretation as it indicates fatter, but shorter, tails. On the other
hand, ES G* has negligible effects on risk-neutral skewness and kurtosis. With decreasing
risk-neutral volatility, one can suspect the flattening of tails, consistent with non-pecuniary

utilities suppressing state prices around the tails.

Because the actual shape of RND is non-linearly associated with higher moments, I use

the skew-¢ distribution of Theodossiou (1998) to infer the shape as accurately as possible

30



by choosing parameters that replicate the observed moments in Tables 14 and 15. Skew-t
distribution is widely used and shown to model stock return dynamics well in the empirical
finance research including Aramonte et al. (2021). It is particularly useful to condense
more complex distributional dynamics at the lowest ESG® quintile, as shown in Table 15.
As a base, I pick a set of parameters (o, A, 7,1) that matches unconditional averages of risk
neutral volatility, skewness, and kurtosis for S&P 500 stocks.*? Figure 5 plots the probability
density in a solid black line. Then, I calculate changes to the moments corresponding to the
lowest-to-highest quintile ESGH change and the lowest-to-highest quintile £SG® change
and overlay new RNDs in a blue and red dashed lines in the top and bottom subplots,

respectively.

The top subplot confirms the reduction in state prices near the tails as a result of sizable
BSG™ improvements. The enlarged graphs around the tails clearly illustrate such effect with
blue dashed lines situating below black solid lines. The effect is statistically significant based
on the Kolmogorov-Smirnov test statistic k& that strongly rejects the null hypothesis under
which two RNDs are from the same probability distribution. A significant improvement
in ESG® can also transform investors’ risk perception, as the bottom subplot and its test
statistic k suggest. As predicted, investors are less concerned about the downturns of higher

ESG® stocks as they are deemed improbable or less systematic.

More interestingly, as implied by significantly negative p, coefficient, sufficiently high ESG®
improvement that brings up firms into the highest ESG®-quintile seems to deflate the state
prices around the right outcomes. One plausible explanation is investors’ hedging motives
against negative ESG externalities that are subdued exactly in these states. To illustrate,
consider the states of the economy when the public’s attention to ESG issues is low. We
know the attention on each element of ESG can intensify and subside around major events
(e.g., climate change (Paris Agreement), human rights abuses (Me-Too movement), and
worker safety & supply chain management (COVID-19)). We also know that ESG-conscious
firms tend to outperform ESG-unconscious firms during times with heightened attention.®?
This entails the latter stocks faring well on low-attention states, exactly when coordinated
actions to promote ESG abate. Such states impose negative non-pecuniary externalities to
ESG-conscious investors, the likes of environmentalists and social activists for example, who
therefore have the strongest desire to hedge against the negative externalities by loading on
ESG-unconscious stocks, as highlighted by Baker et al. (2022). Accordingly, the hedging

32For details on the probability density function and what each parameter controls, see section 2 of
Theodossiou (1998) where n = k and ¢ = n in his notations.

33Choi et al. (2020) and Albuquerque et al. (2020) document outperformance of low carbon-intensive
companies during months with abnormally warm temperature and that of environmentally and socially
friendlier firms during the first quarter of 2020 when COVID-19 shock was realized, respectively.
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demand can significantly raise the Arrow-Debreu prices around the right outcomes, most
notably for the lowest ESG® quintile stocks. This finding sits well with negative j5 estimates
in Tables 5 and 6 under the richest specifications. RNDs show hedging demand weakens for
the highest FSG® quintile firms, so the offsetting effect on positive ESG® equity premia
should appear on these stocks, if any. Finally, as shown by the latter columns of Tables 14
and 15, the ES G and ESGS-induced RND distortions are largely present for non S&P 500

stocks as well, despite of additional idiosyncracies possibly confounding the estimates.

5 Conclusion

Social preferences have taken the center stage in recent discussions on ESG investing and
stakeholder capitalism. For businesses, it is ever more important to understand their value
implications, as setting out and committing to social objectives can be deemed costly at the
outset. Contrary to such prior, I show the efforts to build up ESG credentials will not go
unnoticed and be rewarded with cheaper equity financing. Over the past decade and a half,
average public market investors have exhibited preferences for non-pecuniary benefits who
require significantly less pecuniary compensation from firms with higher ESG credentials,
all else equal. Also important for firms is to stay vigilant in managing and fortifying against
impending ESG risks (e.g., transitional, regulatory, litigation, reputational risks). With
continuously growing awareness of ESG issues, availability of third-party metrics to rank
firms, and global initiatives to mandate disclosures on ESG profiles, the already sizable

pricing effects of the two ESG preferences are likely underestimations of what lies ahead.

For investors, the results caution against “doing-well-by-doing-good” rhetoric. Echoing Pas-
tor et al. (2022), unexpectedly persistent growth in ESG-conscious money can sustain higher
realized returns of firms with better ESG credentials, masking their equilibrium expected
returns. This paper responds to the authors’ explicit call for an improved expected-return
estimate by using options-based measures and, in turn, disproves the rhetoric. When the
economy converges to the new normal with the level of ESG integrations at its steady state,
I expect (negative) non-pecuniary ESG equity premium to be more readily observable for
researchers to form consensus around it. In the meantime, the paper can serve as a rationale
for firms to promote ESG alignment and walk the ESG talk.
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A Tables

Table 1: Variable Definitions

Variable Definition Source

EMY(R:,] Martin and Wagner (2019)’s estimate of S&P 500 stocks’ expected returns ~ OptionMetrics

EFfT(Re,] Kadan and Tang (2020)’s estimate of CRSP stocks’ expected returns OptionMetrics

E,[RELS] Implied cost of capital of Gebhardt et al. (2001) estimated following CRSP/Compustat
Hou et al. (2012)

Re* The monthly gross excess return from the month-end date t — 1 to ¢ CRSP

Log(Vol(Ri—114))  The logarithm of past year’s gross return volatility CRSP

mkt
t

Log(Size)
Log(BT M)
MOM,
Log(Turny)

Log(Illig:)
Log(LEV;)

EPS,
ROEt

Gross Profitability,

Inv,

Log (Gezese)
AGDP,

10,

L asute,

The 36-month rolling average of the regression coeflicient in which
the monthly market return is regressed on monthly stock returns

The logarithm of monthly market cap

The logarithm of monthly book-to-market ratio (TEQQ / Size)

The past 6-month net excess return
The logarithm of daily share turnover

(Volume / Total Shares Outstanding) averaged over the past 6 months
The logarithm of daily Amihud (2002)’s stock illiquidity measure

averaged over the past 6 months

The logarithm of monthly market leverage (LTQ / Size)
The quarterly earnings-per-share (EPSPXQ)

The quarterly return-on-equity (NIQ / TEQQ)

The quarterly Novy-Marx (2013) gross profitability measure
The quarterly investment measure (AATQ / ATQ) of Hou et al. (2015)

The logarithm of quarterly capital expenditure (PPENTQ / ATQ)

Computed monthly real GDP changes from ¢t — 1 to ¢
The monthly percentage of outstanding shares held by
SEC 13-F institutions

Equals 1 if Compustat data is based on both domestic and

international source

Kenneth French’s
Data Library
CRSP
CRSP/Compustat
CRSP
CRSP

CRSP

CRSP/Compustat
Compustat
Compustat
Compustat
Compustat

Compustat

ITHS Markit
Thomson Reuters
SEC 13-F
Compustat

**Note: The month-end dates are at the last trading days of the third week of each month which is the most popular (and

actively traded) option expiration dates. Compustat variables are of quarterly frequencies, so the most recent observations from

any given month ¢ are used to construct monthly company-specific variables. SEQQ replaces TEQQ if TEQQ is missing. All

level variables, except for E%MW[Rffﬁl], EfT[Rgil], E; [Rg_LlS}, R¢*, AGDPy, and 10y, are winsorized at the top and bottom

5%.
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Table 2: Summary Statistics (S&P 500 Stocks)

N Mean  SD Min p10 p25 p50 P75 p90 Max

ESGH 63,368 4.87 123 0.00 332 407 486 562 645 9.24
ESG} 50,982 -18.94 13.95 -76.00 -36.00 -25.00 -20.00 -8.00 0.00  0.00
Corr(ESGF ESGS) 421 007 032 -0.76 -0.36 -0.15 008 030 049 0.84
EMW Rz, 64445 056 084 -0.68 007 017 034 064 119 1535
EfT (R, 64445 127 177 013 033 049 0.80 138 242 4516
E([RELS] 62,208 066 052 000 022 035 055 082 118 14.87
R 64420 112 989 -77.67 -9.04 -348 1.28 590 11.02 14548
Log(Vol(Ry_11.t)) 63,916 2.03 049 -0.07 142 168 200 234 269 481
ikt 60,804 106 050 -0.12 042 072 1.04 135 169 3.0l
Log(Sizey) 64,445 2362 1.13 19.08 2227 2287 2349 2426 25.19 28.66
Log(BTM,) 62,167 -1.23 090 -9.08 -2.32 -1.68 -1.14 -064 -026 275
MOM, 62,032 6.64 23.61 -84.58 -19.97 -6.14 6.32 1841 3220 352.46
Log(Turny) 64,243 220 057 -249 154 182 215 253 294 523
Log(1llig,) 64,243 -9.43 1.06 -14.04 -10.80 -10.03 -9.37 -8.79 -8.18 -1.73
Log(LEV,) 64,371 -0.76 1.02 -537 -2.04 -1.39 -0.76 -0.07 050 435
EPS, 62,157 075 072 -416 002 035 071 118 161  3.42
ROE, 62,155 0.04 008 -0.80 -0.01 0.02 0.04 007 012 029
Gross Profitability, ~ 62,082 0.08 0.05 -0.11 002 0.04 007 011 016 024
Inv, 62,070 0.02 006 -027 -0.04 -0.01 0.01 003 007 092
Log (af;’;g);) 64,054 -1.66 099 -6.87 -294 -235 -1.65 -0.78 -0.37 -0.04
10, 64,445 0.79 016 0.00 062 072 082 090 096 1.00
Log(Assety) 64,371 959 116 6.17 814 873 953 1040 11.09 13.65
Lasutt, 64,386 042 049 0.00 000 000 0.00 100 100 1.00

**Note: The sample consists of S&P 500 firms and spans from 2007/1 to 2021/12 during which both ESG* and ESGS data

are available. Return measures are in %. See Table 1 for detailed definitions of each variable.
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Table 3: Summary Statistics (All CRSP Stocks)

N Mean SD Min pl10 p25 ph0  p75  p90 Max

ESGH 259,123 4.50 1.09 0.00 3.12 380 450 520 580  9.29
ESGS 213,766 -8.89 12.04 -76.00 -24.00 -18.00 0.00 0.00 0.00  0.00
Corr(ESGH,ESGS) 1258 002 033 -099 -043 -0.21 002 027 047 091
EMYRg 64,445 056 0.84 -0.68 007 017 034 064 119 1535
EXT[Re 337,987 349 495 0.3 053 092 180 380 802 5864
E[REES] 503,263 0.99 1.35 0.00 017 039 071 1.21 1.97 146.76
Rs® 542,773 0.90 1835 -97.05 -16.07 -6.71 0.45 749 16.91 2,827.42
Log(Vol(R;-11.¢)) 506,033 247 0.60 -1.47 1.73 207 246 286 323  6.71
1kt 343,651 121 0.64 -0.23 041 076 116 1.62 212  3.01
Log(Size;) 546,296 20.29 2.06 11.19 17.64 18.82 20.23 21.68 23.02  28.66
Log(BT M,) 513,987 -0.84 1.01 -11.65 -2.06 -1.39 -0.78 -0.23 025 592
MOM, 410,320  6.68 37.92 -84.58 -34.84 -16.15 3.02 23.26 49.98 352.46
Log(Turn,) 526,867 1.87 1.08 -6.35 052 135 197 251 3.03  10.39
Log(11lig;) 525,760 -4.97 3.31 -14.04 -8.95 -7.39 -538 -291 -0.39 873
Log(LEV;) 538,064 -0.89 1.48 -9.79 277 -1.82 -0.86 0.05 091  6.41
EPS, 421,865 0.21 0.65 -4.16 -0.46 -0.12 0.1 051 107  3.42
ROE, 421,672 -0.01 0.12 -0.80 -0.17 -0.03 0.02 0.04 0.09  0.29
Gross Profitability, =~ 413,883 0.08 0.07 -0.11 0.00 003 007 011 017 024
Inv, 413,934 0.02 0.10 -0.27 -0.08 -0.03 0.01 0.04 011  0.92
Log (%{gggf) 531,362 -2.11 1.38 -12.12 -3.88 -2.87 -1.94 -1.08 -044 -0.01
10, 546,545 0.60 0.33 0.00 0.06 032 070 089 0.99  1.00
Log(Asset,) 538,314 6.46 2.09 -4.71 374 496 643 789 9.17  13.65
Larurs, 538,767 0.13 034 0.00 0.00 000 0.00 0.00 100  1.00

**Note: The sample consists of all CRSP firms and spans from 2007/1 to 2021/12 during which both ESG® and ESG? data
are available. Return measures are in % and Martin and Wagner (2019) expected returns cover S&P 500 stocks only. See

Table 1 for detailed definitions of each variable.
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Table 4: Counts of Mutual Funds Sensitive to ESG™ or ESGS Updates

All MFs Traditional MFs 4 & 5 Globe
H @ 6 O @ 6 @O @ 6
419 417 422 358 353 357  61* 64* 65*
(223)  (223) (230) (192) (192) (200) (31) (31) (30)
b? >0 . 205 297 304% 248 251 255 AT 46%F 49™*
(137)  (137) (138) (118) (118) (120) (19) (19) (18)
135%  127%  129*%  110% 101 104* 25%FF Qp**F o5*Hx
(58) (62) (62) (51) (35) (34 () (D) ()
(202) (210) (202) (184) (192) (188) (18) (18)  (14)
bf >0 G40 G3-**F* GH1*** 53T*HHF 529*FF* 5ITHHE 109*F* 109 114***

) (131) (137) (133) (117) (123) (119) (14) (14) (14)

Panel A

0.005
(66) (66) (61) (61) (61) (56) () (5  (5)
Screened n 3026 3026 3017 2620 2620 2611 406 406 406
/ q 143 - / \ =
Panel B » All MFs Traditional MFs 4 & 5 Globe

Hm @ 6 O @ 6 @O @ @
419 417 422 358 353 357 GLYF 4% 65%
(223) (223) (230) (192) (192) (200) (31) (31)  (30)
b >0 oo 2957 20T' 3047 248 51T 255% 4T 46N 4on
(<0) Y (137) (137)  (138) (118) (118) (120) (19)  (19)  (I8)
135" 127%% 120%  110%  101%  104% 25 26*** 5%+
(58) (62) (62) (51) (55) (54) () (1) (§)
(202) (210) (202) (184) (192) (188) (18) (18) (14)
b >0 GA0™** G38*F 6517 53T 520%** H3THF 100FFF 1007 1147
) (131) (137) (133) (117) (123) (119) (14) (14) (14)
(66) (66) (61) (61) (61) (56) (5 (5  (5)
Screened n 3026 3026 3017 2620 2620 2611 406 406 406

**Note: Both Panels A and B show counts out of all, traditional, and ESG (i.e., Morningstar’s Sustainability Globe ratings of 4
& 5) mutual funds that are sensitive to changes to ESG™ or ESG3, after controlling for their turnover sensitivities to portfolio
stocks’ 36-month market 8 (column (1)), Carhart 4-factor 8’s (column (2)), or firm-characteristic variables used in (5) in Table 5
(column (3)) in the first stage. Globe ratings are as of 2021 November. The counts of mutual funds allocating significantly higher
weights on stocks experiencing ESG™ or ESGS increases at the corresponding p-values are tabulated without parentheses while
those allocating significantly lower weights on such stocks are tabulated with parentheses. For inference on counts, Panel A
uses normal approximation of correlated binomial assuming a constant pair-wise correlation across mutual funds’ turnovers.
Panel B infers an empirical distribution of counts by jumbling up all stock-level (ESG&,ESGf’t) pair and randomly assigning
them back to stocks without replacement at any given month ¢. Resulting distributions of counts are under the null hypothesis

that presumes mutual funds are not sensitive to changes in ESG proxies. *, ** and *** indicate significance at the 10%, 5%,

and 1% levels, respectively.
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Table 5: ESG ex-ante Equity Premia (S&P 500 Stocks)

EMVIREE ] EfTIR}: )

1) 2) ®3) 4) () (6) (7) (®) ) (10) (11) (12)

ESG? -0.019%%F _0.017%*  -0.010**  -0.007  -0.010**  -0.008 -0.037*** -0.035** -0.021** -0.015 -0.021**  -0.015
(-2.87) (-2.44) (-2.28) (-1.43) (-2.24) (-1.44) (-2.87) (72.44) (-2.28) (-1.43) (-2.24) (-1.44)

]lES('{} -1.542 -1.312 -1.300 -3.083 -2.624 -2.601

A <2

(—(]91) (—()87) (—().85) (—0,91) (—0,87) (—(185)

ESG? X ]lES(*ﬁ . -0.613 -0.554 -0.550 -1.226 -1.107 -1.101

7 <2

(—UA87) (—088) (—0.87) (—(),87) (—088) (—087)

ESG% -0.054%FF _0.052F%F _0.013%*  _0.007 -0.012***  -0.007 -0.109%** -0.104*** -0.026*** -0.015 -0.025*** -0.013
(-6.01) (-5.17) (73.27) (—1,43) (—3.21) (-1.35) (76.01) (75.17) (-3.27) (-1.43) (-3.21) (-1.35)

1ESGf§—4O -0.139%* -0.151%* -0.149%* -0.278** -0.302%* -0.298**
(—2,59) (—2443) (—2.38) (—2,59) (—2.43) (—2,38)

ESG? X ]lESGfg—:lU -0.063*** -0.0747F% -0.073%** -0.125%+* -0.149%+* -0.146%*
(-2.71) (—2.74) (—2.68) (72.71) (-2.74) (72.68)

ankt 0.415%F% 0.416%%F  0.239%%F  (.238%%F (. 240%F%  (0.239%F%  (0.830%**  (0.831*FF  0.477TF*F  0.476%+*F 0.480%F* (.478%F*
(8.02) (8.04) (6,19) (6.18) (6.21) (6.19) (8.02) (8.04) (6.19) (6.18) (6.21) (6,19)

Log(Sizey) -0.105%FF —0.107F%%  0.029%%F  0.027F%F  0.030%**  0.028%F* -0.210%"**F -0.214%*% 0.058%**F 0.054*** (0.059%** (.056***
(-8.90) (78.96) (4.48) (4.13) (4.49) (4.18) (78.91) (78.96) (4.48) (4.13) (4.49) (4.18)

Log(BTAMt) 0.028%F* 0.029%%*  0.010**  0.011%*  0.010¥*  0.011** 0.055*** 0.057*%F 0.020%*  0.022**  0.020%*  0.022**
(3.29) (3.32) (2.37) (2.45) (2.29) (2.38) (8.29) (3.82) (2.37) (2.46) (2.29) (2.38)

MO M; -0.080%#F -0.078F*F _0.074%FF -0.072%F* -0.074%F* -0.072%%F -0.160%*F -0.156™** -0.147FF% -0.144%F% 0. 147*FF 0. 144%+*
(74.00) (74.02) (74.10) (—4.09) (—4.13) (—4.13) (74.00) (74.02) (74.10) (74.09) (74.13) (74.13)

Log(Turnt) 0.205%F% - 0.207*%F  0.204%%*  0.206%** 0.4107%% 0.414%F%  0.408%FF (). 412%**
(14,00) (14,2()) (1380) (1405) (14.00) (14.20) (13.80) (14.0-5)

Log(LEVf) 0.037%F  0.038%*  0.037**  0.039** 0.074%%  0.076**  0.075**  0.077*
(241) (2.47) (2.43) (2.49) (241) (247) (243) (249)

EPS; -0.089%HF* -0.087*** -0.088*** -(.086*** S0.178FFF L. 174FFF 0. 1767FF 0. 171+
(—757) (—7448) (—7.79) (—7.7(]) (—7,57) (—7,48) (—779) (—770)

Invy -0.004 -0.005 -0.009 -0.010
(-0.98)  (-1.14) (0.98)  (-1.14)

Constant 0.133FF% 0.132%FF  (.314%%F  (0.313%%F  (.313%F*  (0.311%FF  (.392%*F (.390%F* 0.755%FF (. 751%FF (. 751%%F (. 748%F*
(5,09) (5403) (9487) (9.77) (9.87) (9.77) (9,17) (9,08) (12479) (12.78) (12.77) (12.77)

N 46725 46725 46715 46715 46705 46705 46725 46725 46715 46715 46705 46705
Adj. R? 0.324 0.323 0.477 0.478 0.478 0.480 0.324 0.323 0.477 0.478 0.478 0.480

**Note: The first and last 6 columns report Fama and MacBeth (1973) regression coefficients and Newey and West (1987)

standard errors with 3 lags using Martin and Wagner (2019) and Kadan and Tang (2020) expected excess returns as dependent

variables, respectively. The sample consists of S&P 500 index constituents during 2007/1 ~ 2021/12 whose set of traded options

with 15 to 45 days to maturity contains options with at least 15 unique moneyness (strike price / current stock price) at any

given time t. Details of E'SG{?7 ESGS, and control variables are presented in section 2.1 and Table 1. All regressors are

standardized each month to have zero mean and unit variance, except for Btmkt. On average, standard deviations of ESG®

and ESG® are approximately 1.2 and 14, respectively.

respectively.

* ** and *** indicate significance at the 10%, 5%, and 1% levels,
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Table 6: ESG ex-ante Equity Premia (All Stocks)

EfT Ry
vy=4 Y=25 v=06 y=7
(1) (2) (3) (4) (5) (6) (7) (8)
ESG;m -0.041%F%  _0.034%F*  -0.046%F*  -0.038FF*  _0.052FF*  _0.044%FF*  _0.056%F*F*  -0.048%**
(-4.68) (-4.39) (-4.52) (-3.97) (-4.99) (-4.75) (-4.94) (-4.65)
]lESG{} -7.497 -6.875 -6.913 -6.566
<2
(-1.59) (-1.49) (-1.56) (-1.49)
ESG? x1 -3.472 -3.166 -3.215 -3.078
ESG;™ <2
(-1.61) (-1.52) (-1.62) (-1.56)
ESG;$ -0.074%F%  _0.049%%*  _0.084***  -0.054*** -0.092*¥*F* -0.060*** -0.101*** -0.066***
(-4.41) (-3.39) (-4.58) (-3.43) (-4.64) (-3.48) (-4.95) (-3.74)
1ESG?<740 -0.743%%* -0.902*** -0.975%** -1.036%**
(-3.14) (-3.70) (-3.61) (-3.71)
ESG;$ X ]1ESG§<740 -0.278%** -0.329%** -0.356%** -0.385%**
(-3.55) (-4.15) (-4.14) (-4.27)
Constant 0.970***  (0.987***  1.077***  1.091*%**  1.130*%**  1.144*%**  1.194*%**  1.207***
(7.90) (7.97) (8.08) (8.11) (8.01) (8.06) (7.95) (7.99)
N 49458 49458 58221 58221 64136 64136 68427 68427
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Adj. R? 0.386 0.382 0.391 0.391 0.387 0.389 0.395 0.396

**Note: Each pair of columns reports Fama and MacBeth (1973) regression coefficients and Newey and West (1987) standard
errors with 3 lags using Kadan and Tang (2020) expected excess returns as dependent variables for the sample of CRSP stocks
that satisfy the following two conditions: (i) Cov(R; ¢, Rm,t) < 0 and (ii) % < ~ for the previous 12 months.
Meeting both (i) and (ii) is a sufficient condition for Kadan and Tang (2020) expectéd retﬁrns to be legitimate lower bounds of
actual expected returns, given the acceptable range of relative risk aversion parameter value is lower than . The sample period
is from 2007/1 to 2021/12 and I further restrict to stocks whose set of traded options with 15 to 45 days to maturity contains
options with at least 15 unique moneyness (strike price / current stock price) at any given time ¢. Details of ESG*I:}(7 ESGS,
and control variables are presented in section 2.1 and Table 1. All columns include the most rich set of control variables (i.e.,
control variables in (5), (6), (11), or (12) in Table 5. All regressors are standardized each month to have zero mean and unit

variance, except for Btmkt. On average, standard deviations of ESG™ and ESGS are approximately 1.2 and 14, respectively.

* ** and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

)
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Table 8: ESG ex-ante Return Predictability

EMY Ry EfT(REL] (v=7)
(1) (2) (3) (4) (5) (6) (7) (8)

ESGF -0.028%**  _0.028***  _0.017**  -0.017*F  -0.096*** -0.105%** -0.081*F** -0.085***
(-279)  (-279)  (-217)  (-211)  (-3.01)  (-3.22)  (-2.65)  (-2.67)

IIESG{} -0.366 -0.708 -2.227F** -2.579***

)

(-0.84) (-1.37) (-3.16) (-3.42)

ESG? X 1E5G¢<2 -0.149 -0.298 -0.725%* -0.933***
' (-0.73) (-1.24) (-2.35) (-2.86)

E'SG,;$ -0.057***  _0.066***  -0.016* -0.023**  -0.326%*F*  -0.298*** _(.282%F*F _().233%**
(-5.31) (-5.16) (-1.81) (-2.04) (-9.79) (-8.24) (-8.53) (-6.61)

]1ESG§<740 -0.163** -0.167** -0.861*** -1.038***
(-2.54) (-2.33) (-3.14) (-3.93)

ESG% x ]lESG§<740 -0.048 -0.056 -0.346*** -0.452%**
(-1.44) (-1.43) (-3.42) (-4.55)

Z"kt 0.454%%%  0.454%FFF  (0.309%**  (0.309***  0.921%FFF  (0.923%F*  (0.666***  0.658%**
(19.51) (19.50) (14.44) (14.38) (13.54) (13.66) (9.89) (9.83)

Log(Size;) -0.104***  -0.103*** 0.019 0.019 -1.516%F*  _1.516%** _1.257%FF _1.256%**
(-8.32) (-8.12) (1.63) (1.63) (-17.08) (-17.08) (-14.96) (-14.93)
Log(BT M,) 0.036***  0.035%** 0.017* 0.017* 0.099** 0.096** 0.047 0.040
(3.41) (3.38) (1.75) (1.76) (2.38) (2.31) (1.15) (0.96)

MOM, -0.089%**  _0.089%*F* _0.087*** _0.087FF* _0.464*** -0.466F** -0.417FFF _0.418***
(-10.06)  (-10.06)  (-10.30)  (-10.31)  (-11.38)  (-11.45)  (-10.77)  (-10.81)

Log(Turny) 0.185%**  (.185%** 0.450%**  (.472%F*
(14.31) (14.21) (6.71) (6.89)
Log(LEV;) 0.033***  (.033%** 0.070 0.086
(3.10) (3.00) (1.22) (1.48)

EPS, -0.076%**  _0.07T7*** -0.405%*%*  _0.405***
(-856)  (-8.60) (-16.65)  (-16.62)
Invy -0.008 -0.008 0.001 -0.001
(-1.33) (-1.36) (0.03) (-0.03)

Constant 0.075%**%  0.080%*F*  (0.225%**  (0.220%** 2 431FFF  2.434%FF* D 591F*FE 9 5QIHHK
(3.58) (3.75) (10.57) (10.56) (17.28) (17.34) (18.77) (18.85)
N 46725 46725 46705 46705 68454 68454 68427 68427
Clustered SE Stock Stock Stock Stock Stock Stock Stock Stock
Adj. R? 0.136 0.137 0.178 0.179 0.185 0.186 0.210 0.211

**Note: The first and last 4 columns report return-predictability regression coefficients and standard errors clustered at a
stock level, using Martin and Wagner (2019) and Kadan and Tang (2020) (given the acceptable range of relative risk aversion
parameter value is lower than v = 7) expected excess returns as dependent variables, respectively. The sample period is from
2007/1 to 2021/12. Details of ESG{:}7 ESG3, and control variables are presented in section 2.1 and Table 1. All regressors are
standardized each month to have zero mean and unit variance, except for ,8;”’“. On average, standard deviations of ESGH
and ESG® are approximately 1.2 and 14, respectively. *, **, and *** indicate significance at the 10%, 5%, and 1% levels,

respectively.
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Table 9: Industry Controls (S&P 500 Stocks)

t > 2007 t > 2015
B[Ry EFT [y E Ry EFT [y
ESGF' -0.008 -0.005 -0.017  -0.010 -0.022** -0.021* -0.044**F -0.042*
(-1.10)  (-0.63)  (-1.10)  (-0.63)  (-2.00)  (-1.93)  (-2.01) (-1.94)
JlESG{} -0.343 -0.728 0.046 0.018
<o
(-0.67) (-0.71) (0.08) (0.02)
ESG? X1 -0.194 -0.407 0.007 -0.016
ESGI <2
(-0.86) (-0.90) (0.03) (-0.03)
ESG? -0.020%*  -0.007 -0.039%* -0.015 -0.026** -0.014 -0.052** -0.028
(-2.19)  (-0.64)  (-2.18)  (-0.64)  (-1.99)  (-0.87)  (-1.98)  (-0.87)
1ESG§§74O 0.007 -0.000 -0.077 -0.168
(0.11) (-0.00) (-0.71) (-0.78)
ESG? X 1ESG§<—40 -0.028 -0.062 -0.062 -0.129
(-0.85) (-0.92) (-1.09) (-1.14)
Constant 0.285%FF (0.279%** (0.690*** 0.679FFF (0.261*** (0.255%** (.688%F* (.6T7TH<*
(11.44)  (11.18)  (13.86) (13.60)  (8.75) (8.66)  (11.54)  (11.48)
N 46039 46039 46039 46039 23998 23998 23998 23998
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Industry FE FE-49 FF-49 FF-49 FF-49 FE-49 FF-49 FF-49 FF-49
Clustered SE Stock Stock Stock Stock Stock Stock Stock Stock
Adj. R? 0.452 0.452 0.450 0.450 0.359 0.359 0.354 0.354

**Note: The first (last) 4 columns report return-predictability regression coefficients and standard errors clustered at a stock
level, using Martin and Wagner (2019) (Kadan and Tang (2020)) expected excess returns as dependent variables for the sample
of S&P 500 stocks when SIC 2- or NAICS 3-digit fixed effects are included. The sample period is from 2007/1 to 2021/12 and
I further restrict to stocks whose set of traded options with 15 to 45 days to maturity contains options with at least 15 unique
moneyness (strike price / current stock price) at any given time ¢. Details of ESG{:}, ESG$, and control variables are presented
in section 2.1 and Table 1. All columns include the most rich set of control variables (i.e., control variables in (5), (6), (11), or
(12) in Table 5. All regressors are standardized each month to have zero mean and unit variance, except for Btmkt. On average,
standard deviations of ESG™ and ESG? are approximately 1.2 and 14, respectively. *, **, and *** indicate significance at the

10%, 5%, and 1% levels, respectively.
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Table 10: ESG Implied Cost of Capital

E,[REES

S&P 500 Stocks All Stocks

(1) (2) (3) (4) (5) (6) (7) (8)
ESGH 0.022%F%F  0.019%F%  0.024%*F*  _0.021%%*  -0.005 -0.003  -0.013%%*F _(.014%%*
(-5.66)  (-5.19)  (-6.18)  (-5.63)  (-1.34)  (-0.86)  (-3.72)  (-4.01)

L % -0.003 0.007 0.067 -0.134

<2

(-0.01) (0.03) (0.52) (-1.39)

ESGH x L5, -0.009 -0.009 0.020 -0.007
t (-0.08) (-0.07) (0.45) (-0.21)
ESGS -0.032%F%  _0.034%FF  _0.025%%F  _0.025%FF 0,046 FF  0.047FFF  _0.041FFF  0,043%F*
(-6.67)  (-6.69)  (-6.11)  (-6.02)  (-12.20)  (-11.38)  (-13.72)  (-14.46)

Loscs< a0 0.005 -0.017 -0.027 -0.053
' (0.10) (-0.33) (-0.48) (-0.94)
ESG} X 1gasc 4 0.016 0.003 -0.005 -0.007
' (0.95) (0.19) (-0.39) (-0.45)
Bkt 0.105%%*%  0.105%%%  0.099%**  0.099%**  0.039%%*  (.040%**  (.128%F*  (.129%**
(9.35) (9.36) (9.46) (9.51) (4.22) (4.26) (9.85) (9.84)
Log(Size,) 0.018%%%  _0.017%**  -0.006 20.006  -0.118%F% L0, 119%%% (. 112%%% (. 112%+*
(-2.76)  (-2.66)  (-0.81)  (-0.83)  (-16.68)  (-16.73)  (-16.46)  (-16.32)
Log(BTM,) 0.272%F%  (.272%F%  (.265%+%  (.265%F*F  (.534%FF  (.535%FK  (0.459%F* (. 459%**
(28.97)  (28.79)  (28.538)  (28.29)  (33.41)  (33.69)  (34.38)  (34.64)

MOM, S0.031FFF  _0.031%%%  -0.020%**  -0.030%**  0.005 0.006 -0.014*  -0.015*
(-5.90)  (-5.98)  (-5.12)  (-5.17) (0.83) (0.85) (-1.80)  (-1.82)
Log(Turn,) 0.012%  0.011* -0.192%FF _().193%*
(1.83) (1.74) (-14.93)  (-15.00)
Log(LEV;) 0.017%F%  .017%** 0.073%%  0.073%**
(3.31) (3.23) (6.89) (6.81)
Inv, 0.001 0.001 0.030%**  0.030%**
(0.27) (0.31) (6.26) (6.34)
Constant 0.540%F*%  0.540%F%  (.546%FF  (.544%FF  0.976FFF  (.976%FF  (0.908*F*F  (.908%**
(32.88)  (32.94)  (28.64)  (2827)  (32.38)  (32.31)  (30.34)  (30.31)

N 47671 47671 47661 47661 129644 129644 129610 129610
Adj. R? 0.519 0.519 0.530 0.531 0.573 0.572 0.620 0.619

**Note: The first and last 4 columns report Fama and MacBeth (1973) regression coefficients and Newey and West (1987)
standard errors with 3 lags using the implied cost of capital following Gebhardt et al. (2001) based on the regression-based
approach of Hou et al. (2012) as dependent variables for S&P 500 and all CRSP stocks, respectively. Details of ESG{}, ESGS,
and control variables are presented in section 2.1 and Table 1. All regressors are standardized each month to have zero mean
and unit variance, except for ,Bgnkt. EPS; is omitted from regressors to prevent it from explaining too much variation of ICC
that is estimated from past and current earnings. On average, standard deviations of ESG™ and ESGS are approximately 1.2

and 14, respectively. *, ** and *** indicate significance at the 10%, 5%, and 1% levels, respectively.
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Table 11: Expected Returns of Double-sorted ESG Portfolios

Panel A: Value-weighted Expected Return

ESG Credentia]‘s

ESG-risk Hedge (ESG®)

(ESCH) | Low 2 3 4 High | LMH
Low 0.236™* 0.218*** 0.253*** 0.252*** 0.264™* | 0.028
(3.67) (4.51) (3.85) (4.42) (4.89) (1.17)
2 0.186***  0.220"* 0.236™* 0.243*** 0.245** | 0.058*
(4.49)  (4.52)  (4.35)  (4.09)  (3.67) | (1.73)
3 0.179** 0.205*** 0.208*** 0.204** 0.222*** | 0.042**
(3.66)  (4.73)  (4.24)  (3.88)  (4.85) | (2.17)
4 0.184** 0.161*** 0.161** 0.197** 0.231*** 0.048
(4.12)  (3.54)  (4.04)  (4.15)  (3.53) | (1.17)
High 0.151** 0.152*** 0.162*** 0.167** 0.177*** 0.026
(3.40)  (3.57)  (4.21)  (4.43)  (3.55) | (1.32)
LMH 0.085** 0.066™* 0.092**  0.085*** 0.087** | 0.059**
(3.08)  (3.45)  (2.33) (291) (3.57) | (2.36)
Panel B: Equal-weighted Expected Return
ESG Credentials ESG-risk Hedge (ESG®)
(BESGH) |1 ;
oW 2 3 4 High LMH
Low 0.346™  0.309*** 0.294** 0.281*** 0.257* | —0.090*
(3.37)  (4.12)  (3.34)  (3.49)  (3.68) | (—1.81)
2 0.266™*  0.243**  0.261*** 0.267"* 0.235*** | —0.031
(3.83) (3.69) (3.92) (3.67) (3.16) | (—1.28)
3 0.237* 0.226** 0.225*** 0.199** 0.210"* | —0.028
(3.03) (3.47) (3.50) (2.99) (3.71) | (—0.81)
4 0.147=* 0.166**  0.142** 0.170**  0.222* 0.074*
(2.63)  (2.16)  (2.83)  (2.36)  (2.55) | (1.67)
High 0.143** 0.189*** 0.180** 0.188*** 0.128** | —0.015
(2.84)  (2.81)  (2.68) (3.54)  (2.12) | (—0.69)
LMH 0.203*** 0.120** 0.114** 0.093* 0.128"* | 0.218"*"
(3.60) (2.75) (3.07) (1.87) (3.47) | (4.27)

**Note: The sample consists of S&P 500 index constituents during 2007/1 ~ 2021/12 whose set of traded options with 15 to

45 days to maturity contains options with at least 15 unique moneyness (strike price / current stock price) at any given time t.

First, at each month ¢, stocks are sorted into quintiles based on ESG*®. Then, within each ESG™ quintile, stocks are further

sorted into quintiles based on ESG? to construct a total of 25 portfolios that are monthly rebalanced. Each portfolio is treated

as a separate asset and each cell represents Martin and Wagner (2019) value-weighted (Panel A) or equal-weighted (Panel

B) expected excess return that is unexplained by the market factor in the Fama and MacBeth (1973) regression. Number in

red indicates expected return of long Low-ESG¥-Low-ESGS & short High—E‘SGi}—High—ESG$ portfolio. During the sample

period, each portfolio consists of about 7 to 13 stocks. In parentheses report Newey and West (1987) ¢-statistics and *, **, and

Hok ok

indicate significance at the 10%, 5%, and 1% levels, respectively.
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Table 12: ESG ex-post Equity Premia

R,
S&P 500 Stocks All Stocks
(1) (2) (3) (4) (5) (6) (7) (8)
ESGH 0.052  0.047  0.071 0062 0053 0049  0.058 0.057
(0.96)  (0.84)  (1.39)  (117)  (L04)  (0.93)  (1.22)  (1.12)
L 1.687 1.196 0.242 0.739
<2
(0.46) (0.34) (0.18) (0.50)
ESGH x LI, 0.785 0.596 0.189 0.275
t (0.51) (0.40) (0.53) (0.74)
ESGS 0.029  0.038  -0.024 0046  -0.096  -0.046  -0.090  -0.033
(-0.53)  (0.61)  (-0.50)  (0.82)  (-1.54)  (-0.81)  (-1.48)  (-0.67)
Lysas<_1o -0.708 -0.406 0.255 0.248
(-1.13) (-0.63) (0.13) (0.12)
ESGE % 1pggs< -0.410% -0.295 0.030 0.021
' (-1.91) (-1.35) (0.05) (0.03)
Re" 20.016  -0.016  -0.015  -0.015  -0.019%* -0.018%* -0.020%* -0.019%*
(-1.58) (-1.58)  (-1.53)  (-1.54)  (-2.14)  (-2.11)  (-240)  (-2.37)
Bkt 0410  0.400  0.246 0234 0212 0216 0245 0.242
(1.12)  (1.09)  (0.75)  (0.72)  (0.64)  (0.66)  (0.85)  (0.85)
Log(Size;) 20.009 -0.017  0.023 0021  -0.226  -0.226  -0.386** -0.387%*
(-0.10) (-0.18)  (0.28)  (0.26)  (-1.29)  (-1.30)  (-2.44)  (-2.47)
Log(BTM,) -0.077 -0.080  -0.017  -0.028  0.060  0.059  0.037 0.031
(-1.11)  (-1.16)  (-0.34)  (-0.56)  (0.73)  (0.73)  (0.50)  (0.41)
MOM, -0.083  -0.082  -0.091  -0.089  0.151  0.154  0.125 0.129
(-0.87) (-0.87)  (-0.99)  (-0.96)  (0.98)  (0.99)  (0.89)  (0.91)
Log(Turny) 0.195%F  0.199%* 0.053 0.061
(2.30)  (2.35) (0.44)  (0.50)
Log(LEV,) 20.086  -0.072 0.049 0.064
(-0.92)  (-0.75) (0.40)  (0.54)
EPS, 0.226%%%  (0.230%%* 0.390%%* (0,391 %**
(4.28)  (4.37) (6.70)  (6.65)
Inv, 20.062  -0.058 20.075  -0.069
(-1.31)  (-1.24) (-1.12)  (-1.02)
Constant 0.536*  0.517%  0.701%%  0.683%%  0.846%* 0.846%*  0.734%  0.736*
(L77)  (1.71)  (242)  (235)  (212)  (212)  (1.86)  (1.87)
N 47755 4TTS5  4ATT33  A7733 130422 130422 130337 130337
Adj. R? 0136 0133 0.164 0161 0101 0100  0.121 0.121

**Note: The first and last 4 columns report Fama and MacBeth (1973) regression coeflicients and Newey and West (1987)
standard errors with 3 lags using realized excess returns as dependent variables for S&P 500 stocks and for all CRSP stocks,
respectively. The sample period is from 2007/1 to 2021/12. Details of ESG{}, ESGS®, and control variables are presented in
section 2.1 and Table 1. All regressors are standardized each month to have zero mean and unit variance, except for ﬁtmkt.

On average, standard deviations of ESG™ and ESG® are approximately 1.2 and 14, respectively. *, ** and *** indicate

significance at the 10%, 5%, and 1% levels, respectively.
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Table 13: ESG ex-post Return Predictability
BT,
S&P 500 Stocks All Stocks
(1) (2) (3) (4) (5) (6) (7) (8)
ESG? 0.050 0.057 0.065 0.072* 0.065** 0.065* 0.070%* 0.075%*
(1.20) (1.36) (1.55) (1.70) (2.08) (1.95) (2.17) (2.18)
]1ESC¢ 3.924%* 3.607* 0.701 0.398
<2
(1.99) (1.77) (1.03) (0.59)
ESGE 1 n 1.552* 1.425* 0.263 0.099
t (1.90) (1.67) (1.18) (0.45)
ESG? -0.117%* -0.082 -0.070 -0.021 -0.178%*FF  _0.166%**  -0.153***  _(.125%**
(-2.28)  (-1.36)  (-1.32)  (-0.33)  (-4.80)  (-3.98)  (-4.12)  (-2.97)
Lpses<_ao -1.182%* -1.120%* -0.897 -0.816
(-2.34) (-2.19) (-1.50) (-1.36)
ESGS % 1psasc_so -0.613%%+ -0.617F%* -0.300% -0.330%*
' (-2.98) (-2.94) (-1.84) (-2.06)
R* S0.161FFF 0.161%%%  -0.162%FF  _0.162*%*F*  -0.099*** -0.099*** _0.100*** -0.100%**
(-23.17)  (-23.17)  (-23.34)  (-23.34)  (-17.23)  (-17.23)  (-17.33)  (-17.33)
Bkt 0.409%%*%  (.415%FF  (.298%**  (.304*** 0.140%* 0.141%* 0.106 0.106
(4.23) (4.30) (2.81) (2.87) (1.81) (1.81) (1.27) (1.26)
Log(Size;) -0.179%F% - _0.187***  -0.080 -0.087  -0.472FFF  _(0.4T70%**  -0.643FFF  -0.644%**
(-312)  (-328)  (-1.23)  (-1.35)  (-6.84)  (-6.79)  (-9.28)  (-9.23)
Log(BT M,) -0.014 -0.014 -0.036 -0.039 0.064 0.064 -0.000 -0.003
(-0.29) (-0.28) (-0.67) (-0.74) (1.34) (1.35) (-0.01) (-0.05)
MOM,; 0.262%%%  0.261%F*F  0.268%**  0.267***  (0.554***  (0.553%F*F  (0.565%F*  (.565%**
(5.61) (5.56) (5.71) (5.68) (9.49) (9.48) (9.48) (9.48)
Log(Turny) 0.224%%*  ().223%%* 0.242%F%  ().249%**
(3.63) (3.67) (4.05) (4.13)
Log(LEV;) 0.123* 0.134** 0.288*%*F*  (.296%**
(1.91) (2.05) (4.22) (4.29)
EPS; 0.202%%*%  (.199%** 0.399%%*  (.399%**
(4.00) (3.94) (10.76)  (10.76)
Inv, -0.147FFF  -0.148%** -0.189%**  _(.189%**
(-319)  (-3.21) (-350)  (-3.51)
Constant 0.904%%*%  (.885%*F*  1.008***  (0.984%**  1.500%F*F  1.587FFF 1. 4BTHFF* 1.443%**
(8.65) (8.34) (8.60) (8.27)  (14.45)  (14.37)  (12.85)  (12.74)
N 47089 47089 47067 47067 122718 122718 122641 122641
Industry FE FF-49 FF-49 FF-49 FF-49 FF-49 FF-49 FF-49 FF-49
Quarter FE Yes Yes Yes Yes Yes Yes Yes Yes
Clustered SE Stock Stock Stock Stock Stock Stock Stock Stock
Adj. R? 0.145 0.145 0.146 0.146 0.124 0.124 0.125 0.125

**Note: The first and last 4 columns report return-predictability regression coefficients and standard errors clustered at a
stock level, using realized excess returns as dependent variables for S&P 500 stocks and for all CRSP stocks, respectively. All
regressions include SIC 2-digit industry (robust to using NAICS 3 or 4-digit codes) and quarter fixed effects. The sample
period is from 2007/1 to 2021/12. Details of ESG{:}, ESGS3, and control variables are presented in section 2.1 and Table 1. All
regressors are standardized each month to have zero mean and unit variance, except for ,ankt. On average, standard deviations
of ESG™ and ESGS are approximately 1.2 and 14, respectively. *, ** and *** indicate significance at the 10%, 5%, and 1%

levels, respectively.
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Table 14: Risk-neutral Volatilities

P (i %)
S&P 500 Stocks All Stocks
(1) (2) (3) (4) (5) (6) (7) (8)
ESG? -0.110%* -0.101%* -0.096** -0.083* -0.034 -0.036 -0.055 -0.045
(-2.06) (-1.85) (-2.14) (-1.86) (-0.58) (-0.58) (-0.94) (-0.73)
T -0.318 -1.815 -1.726** -1.570%*
ESGI <2
(-0.21) (-0.81) (-2.34) (-1.85)
ESG? X 1E9(‘¢<2 -0.264 -0.889 -0.579* -0.665*
' (-0.38) (-0.86) (-1.89) (-1.88)
ESG;$ S0.377FFF _0.315%FF (), 144%FF -0.048 -0.654%*FF  _0.518%FF  _(.562%**  _(.383***
(-5.54) (-4.40) (-2.69) (-0.74) (-10.24) (-8.59) (-8.95) (-6.63)
1pses<—ao 0.389 0.145 0.255 -0.529
' (0.76) (0.34) (0.30) (-0.68)
ESG} x 1psas<—ao 0.005 -0.181 -0.331 -0.669**
' (0.02) (-0.80) (-1.18) (-2.57)
Log(Vol(Ri-11:)) 1.710%%%  1.711%+* LI21F**  1121%%F  3,620%**  3.618%FF  2.974%** 2 950%**
(22.76) (22.79) (16.52) (16.56) (29.34) (29.56) (28.64) (28.80)
kit 0.576%**  0.577**¥*  0.509%*¥*  0.509%*F*  (.238%* 0.245%* 0.173* 0.178*
(7.58) (7.62) (7.64) (7.67) (2.46) (2.54) (1.88) (1.95)
Log(Sizet) S0.497FFF  0.506%**  0.208%FF  (.288%FF  _2.941FFF  2.966%**  -2.380%FF  -2.401%**
(-6.06) (-6.16) (3.74) (3.63) (-19.50) (-19.78) (-15.50) (-15.72)
Log(BT M) 0.185%*%  (0.186*** 0.052 0.048 0.175%* 0.165% 0.044 0.024
(2.67) (2.67) (0.81) (0.75) (2.06) (1.96) (0.55) (0.29)
MOM, -0.165%FF  _0.165%*FF  -0.154%*¥*  _0.153**¥*  -0.136*** -0.139*** -0.028 -0.029
(-4.06)  (-4.06)  (-4.21)  (-4.18)  (-2.66)  (-273)  (-059)  (-0.61)
Log(Turn,) 1.302%%F  1.307*** 1.435%*F  1.503%**
(14.64)  (14.61) (9.40) (9.90)
Log(LEV;) 0.312%%%  (.328%** 0.300** 0.334**
(3.47) (3.61) (2.11) (2.38)
EPS, -0.528%**  _().525%** -0.701%*%%  _0.696***
(-11.67)  (-11.72) (-14.80)  (-15.06)
Inv, -0.039 -0.039 0.034 0.030
(-1.41) (-1.40) (0.90) (0.80)
Constant 10.932%%*  10.901%%*  10.860*** 10.816*** 18.212*** 18.236*** 17.154%** 17.123%**
(163.35) (167.83)  (214.12) (220.71) (98.30) (98.84) (83.13) (83.42)
N 46059 46059 46039 46039 93608 93608 93567 93567
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Industry FE FF-49 FF-49 FF-49 FF-49 FF-49 FF-49 FF-49 FF-49
Quarter FE Yes Yes Yes Yes Yes Yes Yes Yes
Clustered SE Stock Stock Stock Stock Stock Stock Stock Stock
Adj. R? 0.519 0.519 0.549 0.549 0.571 0.572 0.586 0.587

**Note: The first and last 4 columns report return-predictability regression coefficients and standard errors clustered at a stock
level, Bakshi et al. (2003)’s options-based risk-neutral return volatilities as dependent variables for S&P 500 stocks and for all
CRSP stocks, respectively. All regressions include SIC 2-digit industry (robust to using NAICS 3 or 4-digit codes) and year
fixed effects. The sample period is from 2007/1 to 2021/12 and restricted to observations whose set of traded options with 15
to 45 days to maturity contains options with at least 15 unique moneyness (strike price / current stock price) at any given time
t. Details of ESGﬁ, ESGS3, and control variables are presented in section 2.1 and Table 1. All regressors are standardized each
month to have zero mean and unit variance. On average, standard deviations of ESG™ and ESG® are approximately 1.2 and

14, respectively. *, ** and *** indicate significance at the 10%, 5%, and 1% levels, respectively.
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Table 15: Higher Risk-neutral Moments

SKEW/, 1, KURT/y,
S&P 500 Stocks All Stocks S&P 500 Stocks All Stocks
(1) (2) (3) (4) (5) (6) (7) (8)
ESG? 0.012 0.010 0.001 0.004 -0.087 -0.011 0.030 0.022
(0.70) (0.56) (0.06) (0.30) (-0.41) (-0.05) (0.19) (0.15)
HESG{} -0.561 -0.098 -1.321 0.456
<2
(-0.94) (-0.58) (-0.21) (0.23)
ESG? X1 -0.245 -0.104 -0.585 0.727
ESG{™ <2
(-0.99) (-1.55) (-0.22) (0.89)
ESG? 0.065%** 0.009 0.088*** (.027FFF  -1.408%*F  -0.258  -1.601*%*F* -0.553***
(3.33) (0.53) (5.73) (2.69) (-4.83) (-1.19) (-6.58) (-4.85)
]lESGfSJtO 0.045 -0.094 -6.293 -4.243
(0.17) (-0.30) (-1.52) (-0.78)
ESG} % Lygesc g 0.161 0.151 -5.667%* -4.234%%
(1.17) (1.39) (-2.47) (-2.17)
Constant -1.550FFF _1 528K _(0.396%*F -0.388FHFF 14 562FFF 14 115%**  1.837F**  1.676FFF
(-94.29)  (-92.99) (-12.71)  (-12.76) (69.99) (72.76) (4.49) (4.22)
N 46039 46039 93567 93567 46039 46039 93567 93567
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Industry FE FF-49 FF-49 FF-49 FF-49 FF-49 FF-49 FF-49 FF-49
Quarter FE Yes Yes Yes Yes Yes Yes Yes Yes
Clustered SE Stock Stock Stock Stock Stock Stock Stock Stock
Adj. R? 0.188 0.189 0.167 0.170 0.237 0.241 0.207 0.217

**Note: The first and last 4 columns report return-predictability regression coefficients and standard errors clustered at a stock

level, Bakshi et al. (2003)’s options-based risk-neutral return skewness and kurtosis as dependent variables, respectively. For

each higher moment, first and last two columns include only S&P 500 stocks and all CRSP stocks, respectively. All columns

include the most rich set of control variables (i.e., control variables in (3), (4), (7), or (8) in Table 14). All regressions include

SIC 2-digit industry (robust to using NAICS 3 or 4-digit codes) and quarter fixed effects. The sample period is from 2007/1

to 2021/12 and restricted to observations whose set of traded options with 15 to 45 days to maturity contains options with

at least 15 unique moneyness (strike price / current stock price) at any given time ¢. Details of ESG{}, ESGS, and control

variables are presented in section 2.1 and Table 1. All regressors are standardized each month to have zero mean and unit

variance. On average, standard deviations of ESG® and ESGS are approximately 1.2 and 14, respectively.

indicate significance at the 10%, 5%, and 1% levels, respectively.
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B Figures

Figure 1: MSCI IVA Rating: Key ESG Issues

‘ 3 Pillars 10 Themes 35 ESG Key Issues
Environment | Climate Change Carbon Emissions Financing Environmental
Product Carbon Footprint Impact
Climate Change Vulnerability
Natural Capital Water Stress Raw Material Sourcing
Biodiversity & Land Use
Pollution & Waste Toxic Emissions & Waste Electronic Waste
Packaging Material & Waste
Environmental Opportunities in Clean Tech Opportunities in Renewable
Opportunities Opportunities in Green Energy
Building
Saocial Human Capital Labor Management Human Capital Development
Health & Safety Supply Chain Labor
Standards
Product Liability Product Safety & Quality Privacy & Data Security
Chemical Safety Responsible Investment
Financial Product Safety Health & Demographic Risk
Stakeholder Controversial Sourcing
Opposition Community Relations
Social Opportunities Access to Communications Access to Health Care
Access to Finance Opportunities in Nutrition &
Health
Governance* | Corporate Governance | Ownership & Control Pay
Board Accounting
Corporate Behavior Business Ethics
Tax Transparency

* The Governance Pillar carries weight in the ESG Rating model for all companies.

Figure 2: RepRisk RRI Rating: Key ESG Issues
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Figure 3: Time-Varying ESG Equity Premia (S&P 500 Stocks)

Martin & Wagner (2019)

Kadan & Tang (2020)
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**Note: Top (bottom) panels plot the inverse of Martin and Wagner (2019) and Kadan and Tang (2020) estimated ESG®
(ESG®) Xs (solid lines) and their 95% confidence intervals (dashed lines) of the first Fama and MacBeth (1973) regression
in (10) over the window of past 3 years for S%P 500 stocks. For example, A’s on date 2010/1 are estimates over the period
from 2007/2 to 2010/1. Confidence intervals are based on Newey and West (1987) standard errors with 3 lags. The formal
test of cyclicality is provided by computing correlation between 36-month average of lagged real GDP growth (details in 1)

and 36-month rolling window A’s. *, **

, and *** indicate significance at the 10%, 5%, and 1% levels, respectively. The trends
are robust to using windows of past 4 or 5 years. Y-axis represents the change in one-month-ahead expected returns (in %)
associated with 1 standard deviation increase in ESG™ and ESGS ratings. On average, standard deviations of ESG®™ and

ESGS are approximately 1.2 and 14, respectively.
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Figure 4: ex-ante vs. ex-post ESG Equity Premia (S&P 500 Stocks)

Martin & Wagner (2019) Kadan & Tang (2020)
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**Note: The blue lines at the top (bottom) panels plot the inverse of Martin and Wagner (2019) and Kadan and Tang (2020)
estimated ESG™ (ESG®) X’s (solid lines) and their 95% confidence intervals (blue shaded regions) of the first Fama and
MacBeth (1973) regression in (10) over the window of past 3 years for S%P 500 stocks. The red lines and red shaded regions
denote X\'s and their 95% confidence intervals, respectively, estimated through (11) using realized returns. For example, \’s
on date 2010/1 are estimates over the period from 2007/2 to 2010/1. Confidence intervals are based on Newey and West
(1987) standard errors with 3 lags. For comparability, all regression estimates here are based on standardized variables (both
independent and dependent variables), so Y-axis represents the standard-deviation change in one-month-ahead expected or
realized returns associated with 1 standard deviation increase in ESG™ and ESGS ratings. The trends are robust to using

windows of past 4 or 5 years. On average, standard deviations of ESG™ and ESGS are approximately 1.2 and 14, respectively.
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Figure 5: Graphical Illustration of ESG™ & ESG® Effects on RND
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**Note: Top (bottom) panel plots reshaping of risk-neutral probability distribution when a stock moves from the lowest to
highest ESG™ quintile (ESG’$ quintile), ceteris paribus. Black-solid line represents the base, while blue-dashed and red-dashed
lines denote distributions after the movements, using the skew-¢ distribution of Theodossiou (1998) and results from Tables 14
and 15 on S&P 500 stocks. More specifically, I use regression results without non-linearity variables if none of their coefficients
(i-e., pu’s and 5\’5) is significant at 5% level. Only when any of them are significant at 5% level do I use regression results with

non-linearity variables. Kolmogorov-Smirnov test statistic k£ and the corresponding p-values are presented.
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IA Internet Appendix

IA.1 Equilibrium Non-pecuniary Preferences

Recent papers by Pastor et al. (2021) and Pedersen et al. (2021) offered simple and tractable
equilibrium models that feature investors with non-pecuniary preferences. When deciding
to allocate wealth over the cross-section of firms, investors attend to firms’ pre-determined
ESG credentials as they derive utility from holding ESG-friendlier firms. The following
framework generalizes the two models by picking up their key ingredients and illustrates

how the non-pecuniary preferences affect asset prices.

Consider a infinitesimally sized representative agent in a one-period set-up with her initial
wealth at time ¢ normalized to 1. There exists a risk-free asset whose gross return equals Ry
in all future states at the terminal period T" and N — 1 assets whose returns are uncertain at
time ¢ and will be realized at T'. Denote risky assets’ returns as R; r for i = {1,..., N — 1}
and the market return as R, . Each asset has time-t observable ESG credential g; where
the risk-free asset carries gy = 0. Taking prices and thus the return distributions of assets
as given, the agent maximizes her terminal expected utility that integrates her wealth and

non-pecuniary outcomes by choosing portfolio weights {w; },

rguzg(Etu (ZZ: w; (Rir + 5gz~)> , s.t. zi:wi =1

where the utility function u(-) is assumed twice differentiable with ' > 0 and v” < 0 and
0 > 0 denotes her desire for non-pecuniary benefits relative to that for pecuniary proceeds.

The first-order condition yields an Euler equation

E, [u’(Rm,T + 0gm)

) R+ g) | = By (R + 6] = 1, i

where A is a positive Lagrange multiplier, ¢, = ). w;g; an overall market ESG credential,
and M, r a stochastic discount factor (SDF).?* Notice, non-pecuniary preferences affect not
only the SDF unless g,, = 0 but also the equilibrium return of any risky asset ¢ with g;.
All else equal, the Euler equation implies assets with higher ESG credentials command
lower expected returns, echoing the main results of the aforementioned papers. Intuitively,
agents are willing to sacrifice pecuniary returns for satiating their non-pecuniary preferences,

thereby lowering the expected returns of firms with higher g.

34Dynamic settings will alter the forms of SDF M; r, but the Euler equation maintains the same form
and must hold across all settings.
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Consequently, the effect of non-pecuniary preferences percolates to risk-neutral moments and
distribution. In an arbitrage-free complete market, M, r exists and is unique. Suppressing

subscripts temporarily, notice that

E[MR] = / / MRp(M, R)dMdR — / / MRp(M|R)p(R)IMAR

= /R (/ Mp(M\R)dM) p(R)dR,

where p() denotes a density under physical measure. Therefore, we have

R,;E[MR] = /RRf </ Mp(M\R)dM) p(R)dR,

-~

=q(R)

where [ ¢(R)dR =1 so that ¢() is a new probability measure on the same probability space
as the physical measure.*® Because M is unique, ¢() is unique. Now, define ¢ as a risk-neutral
density and denote [E* as the expectation operator under the risk-neutral measure. Then,

for any integer a greater than 1,
R/EMR] = / RR, ( / Mp(M|R)dM) p(R)AR = B[R]
By the Euler equation,
E;[Rir] = RerE My rR; 7| = Ry — 99, (12)

and using these identities, a centralized risk-neutral variance of any risky asset i’s return can

be expressed as

Vary(Rir) = B[R} ;] — (B{[Rir])? = RyrEe[MyrREp) — (Ryz — 09:)°
= RirCov(MyrRi7, Riv) + (Rer — 0g:) (Ee[Rir] — (R — 995))
and therefore,

Vary(R;r)
Rsr

= govt(Mt,TRi,Ta Ri,T)J"’(Rf,T — 5gi)£Et[Ri,T] — (Ryr — 591'))1- (13)

Lgi Lgi

35To ensure [ q(R)dR = Ry [ M ([ p(M|R)p(R)dR) dM = R;E[M] = 1 in the presence of non-pecuniary
utility, g; = 0 is necessary to ensure E[M] = 1/R;. Arguably, a risk-free asset is ESG-neutral and any
measure of non-pecuniary benefit can be linearly transformed such that g = 0 represents ESG-neutrality.
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Observe that the bracketed terms in (13) are g-invariant. For assets ¢ and i’ whose return
distributions are identical and perfectly correlated, when g¢; diverges from g;, it causes a
mean shift only so that the first bracketed term stays the same. By rearranging the Euler
equation, we have E;[R; 7| + d9; = Rsr (1 — Cov(Mir, Ri7)). Again, the covariance is
g-invariant, so g-invariant RHS necessitates LHS to be g-invariant as well. Therefore,
the second bracketed term is g-invariant and equals —R;rCov (M, 1, R; ) which must be
positive. This shows the risk-neutral variance decreases with g. Assuming the regressions are
well specified, the IV A coefficient corresponds to ¢ (E:[R; 7] — (Rsr — dg;)) with the term in
parenthesis approximates 1. Given the unconditional average monthly expected stock return
is around 1, the IV A coefficient should close in on §, unless 9 is too high. Therefore, IV A

coefficients can be interpreted as non-pecuniary equity premia.

This relation reflects that risk-averse investors, who internalize non-pecuniary benefits, re-
gard ESG-friendlier stocks effectively less risky. Because ESG credentials are pre-determined,
investing in asset i increases expected utility by u(dg;) unconditionally. The immediate jump
of certainty equivalent is tantamount to R; r being less systematically volatile. Recall, both
MW and KT measures of expected returns are based on risk-neutral variances of stocks.
Hence, in the presence of non-pecuniary preferences, they must reveal the effects of it, which

I show is the case in section 3.

By the same token, the non-pecuniary preferences should be identified through option-
implied risk-neutral means of stock returns if properly decomposed. Bakshi et al. (2003)
compute the risk-neutral mean M*T’fKM assuming 0 = 0, which must diverge from the mean
directly recovered from the risk-neutral distribution [ if 6 # 0. Namely, borrowing the

notations defined in section 2.3,

Vi(t, T) Wi(t,T) X;(t,T)

*BKM __ ym%,BKM7j _ EANE) _ i\Yy AN o

Mz’,T|t = Et [7’177*] = RﬁT (1 9 6 24 1,

for any stock 7. The expression relies on the Euler equation with 6 = 0, and hence omits
non-pecuniary preference component within the risk-neutral means if 6 # 0 according to
(12). Indeed, estimating the following Fama and MacBeth (1973) regression in which I back
out the non-pecuniary component, if any, on the left hand side,

it = W = ¢+ LIV Ay <2) 4+ 01V Ay + 61V Ay x LIV Ay < 2) + €ipp1, (14)

yields statistically significant and positive ¢ for both S&P 500 and non S&P 500 stocks,
regardless of restricting the sample to just include stocks with information on firm funda-

mentals available or not, as shown in Table TA.7.
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IA.2 Cross-sectional Implications

I have shown the importance of average investors’ non-pecuniary and pecuniary ESG prefer-
ences via sizable ESG equity premia over the past decade and a half. This section examines
whether ESG premia are explained by other factors or exhibit any meaningful cross-sectional
variations. In particular, I focus on three dimensions—industry, institutional ownership, and
multi-nationality—to not only reject a possibility of their systematic associations with ESG
ratings confounding the main finding but also study how differently each preference manifest

itself across their cross-sections.

IA.2.1 Industry

First, I examine how the pricing effects of non-pecuniary and pecuniary ESG preferences
vary across industries by interacting both ES G* and ESGS with the industry dummies.
Instead of introducing all industry-interacted variables at once, I add one industry-interacted
variable and an industry dummy at a time to preserve statistical power of the regression.
Should the intensities of the two preferences in a given industry significantly differ from other
industries, the interaction-term coefficients must be significantly away from 0. Therefore,
the sum of coefficients on each ESG metric and its industry-interacted term represent the
intensity of each preference in a given industry. Table [A.8 ranks Fama-French 49 industries
based on the intensity of each ESG preference. “Mining”, “Tobacco”, “Accommodation”,
“Oil & Gas” industries exhibit very high non-pecuniary ESG premia because of their opera-
tional immediacy to both environmental and societal externalities.?® More interestingly, the
rankings of non-pecuniary and pecuniary preference intensities do not align for most indus-
tries. Not only does this imply that marginal improvements in ESG credentials or ESG-risk
hedge have been appreciated in differing degrees across industries but it also demonstrates

the two ratings evaluate distinct ESG characteristics.

TA.2.2 Institutional Ownership

Out of all capital with ESG considerations in 2020, the amount that caters to individ-
ual or retail investors consists of more than a quarter, according to the breakdown by US
SIF Report (see Figure TA.5), but it is predominantly of institutional capital. Globally,
the number of institutional signatories to UN Principles of Responsible Investing has sur-
passed 4,000 recently. Despite of growing survey-based evidence showing persistent growth

in ESG-integrating institutional capital, we still lack knowledge on whether or not it is truly

36Despite of the apparent differences between Fama-French and NAICS industry classification systems,
Table TA.9 shows comparable industry rankings of non-pecuniary-preference intensities.
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institution-driven phenomenon.

To shed light on this, Table IA.10 reports results of the following Fama and MacBeth (1973)

regression

E/R,] = ai + MESGH + MESGY x 110, <o
+ /\2E5G§,t + 5\2ESG§,t x 110, ,<60% + 1110, ,<60% + 12l Oy + ' Xy + 1441,
(15)
where 170, ,<60% denotes a dummy variable that equals 1 if stock ¢’s institutional ownership
share is below 60%. Roughly speaking, slightly less than 10% of S&P 500 stocks and slightly
less than 50% of all CRSP stocks have lower than 60% of institutional ownership.?” If both
non-pecuniary and pecuniary ESG integrations are mainly driven by institutions than by
retail investors, then E.S G* and ESG® should be less relevant in explaining variations of

expected returns of stocks with lower institutional ownership.

Firstly, the weakly significant and negative coefficients of A;’s under various samples with
different compositions of stocks indicates that even within stocks with least institutional
presence, significant equity premium linked to non-pecuniary preference robustly exists. Pre-
sumably, equilibrium expected returns of such stocks should weigh in preferences of retail
investors more heavily. Hence, the result hints that retail investors have been deriving non-
pecuniary utilities by investing in equities according to their ESG credentials. It challenges
the idea that ESG integration has been solely driven by institutions with ESG preferences,
at least for those accredited to non-pecuniary preference, and may even suggest the opposite

in which institutions are catering to non-pecuniary preference of retail investors.

In contrast, when it comes to material ESG-risk hedge consideration, retail investors seem
to be less efficient. In most samples, estimated Ao’s are significantly positive to the extent
that Ay + Ay becomes positive. This could be due to retail investors’ portfolio being subop-
timally diversified—and hence requiring higher ex-ante compensation in general (p; > 0)—
which constrains them from efficiently integrating information about stocks’ benefit as ESG-
risk hedges. Lack of supply to short sell, proxied by low institutional ownership, may also
contribute to observed inefficiency as investors cannot easily construct arbitrage shorts on
low-ESG? rated stocks.®® Interestingly, these potential constraints fail to overpower non-

pecuniary consideration, hinting at its intensity and its irrelevance to the constraints.

37"Results are robust to different thresholds such as 50% and 70%.
38For the validity of institutional ownership as a proxy for short supply, see Nagel (2005), for example.
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IA.2.3 Domestic vs. Multinational Companies

Companies, despite of their equity claims being traded in major U.S. stock exchanges, may
operate in foreign soils and rely non-trivially on the production and sales of goods or services
not just in the U.S. On the one hand, multinationals’ ESG efforts are expected to be less
concentrated in the U.S. while being exposed to expanded catalogue of ESG risks that
are unique to foreign jurisdictions. On the other hand, any particular ESG pursuit by
a multinational can carry broader implications than by a domestic company while being
better insulated from country-specific ESG risks. However, unless the marginal investor
participating in the U.S. equity market actively internalizes non-US ESG externalities and

is geographically well-diversified, the former should dominate the latter.

Using a flag that codes whether firm fundamental variables are constructed from both do-
mestic and international sources as a proxy for companies’ operational footprints in foreign

soils, I run the following Fama and MacBeth (1973) regression

Et[ f,gtj—i-l] =qo; + /\1ESG§§ -+ :\lESGﬁ X ILMultM

3 (16)
+ M ESGE, + MESGE, X L, + #laruss, + €' Xig + €141,

where 1azy, , denotes a dummy variable that equals 1 if stock 7’s Compustat variables come
from both domestic and international reports at month ¢. Table IA.11 reports the results and
confirms the prediction. US equity market participants are shown to hardly internalize any
non-pecuniary efforts by multinational companies as \; + A, &~ 0. By contrast, the intensity
of ESG-risk hedge consideration intensifies for multinationals whose global footprints expose

them to various country-specific ESG regulatory standards.

Several studies have shown that ESG integration has been Europe-led in which economic
agents are found to be more responsive to ESG-relevant events. Whether it be due to
civil-law regulations pushing for stakeholder orientation (Liang and Renneboog (2017)) or
genuine devotion to social responsibility (Gibson et al. (2021)), non-US developed economies
have espoused ESG integrations for long. Naturally, the implications of any changes to
ESG profiles would be enlarged for firms whose stakeholders consist of ESG advocates in
other countries. For example, Dai et al. (2021) show customers in high ESG standard
countries influence suppliers operating in similarly high standard countries more strongly to
address ESG issues. This is consistent with intensified FSG® premium for multinationals
whose controversial ESG practices are more likely to face material consequences (e.g., more

stringent regulations) affecting shareholders in the U.S.

A new insight Table TA.11 uncovers is that such spillover pricing effect due to firms’ inter-
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national exposure realizes mainly through pecuniary ESG preferences of US investors. Even
though any given ESG pursuit that a multinational company has been pledging to may
create global non-pecuniary externalities, US investors seem to discount its non-pecuniary
value, suggesting near-sightedness of their non-pecuniary ESG preferences. It is also pos-
sible that a given firm’s ESG policies do not necessarily apply uniformly across boarders.
The systematic disjoint may cause domestic investors to disregard ESG credentials built up
outside of U.S. All in all, provided that the variable Mult;, reasonably captures companies’
degree of international exposure, the result hints at two-speed immediacy of foreign-born

non-pecuniary externalities and pecuniary risks to domestic investors with ESG preferences.
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TA.3 Additional Tables & Figures

Table TA.1: ESG{}—industry adjusted ESG ex-ante Equity Premia (S&P 500 Stocks)

EMY Ry

B TR

(1) (2) (3) (4) (5) (6) (7) (8)

ESGF -0.009  -0.014*  -0.005 -0.003 -0.019  -0.027%  -0.010 -0.006
(-1.58)  (-1.66)  (-1.27)  (-0.49)  (-1.58)  (-1.66)  (-1.27)  (-0.49)

L s, 0.184%* 0.035 0.368%* 0.070

<2

(2.43) (0.61) (2.43) (0.61)

ESGF x L 0.108** 0.010 0.216%* 0.021
t (2.59) (0.31) (2.59) (0.31)

ESGS S0.057FFF  L0.055%FF  -0.014%FF  -0.008  -0.114%FF  0.111FF _0.028%FF  -0.015
(-6.35)  (-5.66)  (-3.53)  (-1.56)  (-6.35)  (-5.66)  (-3.54)  (-1.56)
Lpsas<10 -0.149%* -0.161%* -0.299%* -0.322%*
‘ (-2.50) (-2.27) (-2.50) (-2.27)
ESG} X 1ggasc_so -0.063** -0.075%* -0.126%* -0.150%*
’ (-2.49) (-2.44) (-2.49) (-2.44)
ikt 0.415%F%  0.415%FF  (.239%FF  (.238%FF  (.820%FF  (.820%FF  (4TQRKE  (4TTHF*
(8.04) (8.05) (6.17) (6.19) (8.04) (8.05) (6.17) (6.19)
Log(Size,) S0.107FFF L0, 108%FF  0.020%F%  0.028%FF  _0.214%FF  0.216%FF  0.057FFF  0.057FF*
(-8.77)  (-8.75) (4.43) (4.41) (-8.77)  (-8.75) (4.43) (4.41)

Log(BTM;) 0.027%%%  0.026%%%  0.010%*  0.009%*  0.053%%*  0.052%*  0.019%¥*  0.018%*
(3.11) (3.08) (2.26) (2.11) (3.11) (3.08) (2.26) (2.11)
MOM, S0.081FFF  L0.081%%%  _0.074%%F  _0.075%FF  _0.163%FF  0.163%FF  _0.148%FF (. 149%**
(-4.02)  (-4.06)  (-4.16)  (-4.15)  (-4.02)  (-4.06)  (-4.16)  (-4.15)
Log(Turny) 0.205%%*%  0.206%** 0.410%%%  (.412%%
(13.82)  (13.91) (13.82)  (13.91)

Log(LEV;) 0.036%*  0.037** 0.073%%  0.074**
(2.36) (2.35) (2.36) (2.35)
EPS, -0.088%*F*  -0.088%** 0.176%F% 0. 175%**
(-7.91)  (-7.91) (-7.91)  (-7.91)

Inw, -0.004 -0.003 -0.008 -0.006
(-0.92)  (-0.70) (-0.92)  (-0.70)
Constant 0.134%F%  0.137%FF  (.313%FF  (.312%FF  (.393%FF  (.399%FF (. 7528Kk (), 750%F*
(5.04) (5.08) (9.93) (9.99) (9.02) (9.44)  (12.88)  (13.26)

N 46725 46725 46705 46705 46725 46725 46705 46705
Adj. R? 0.321 0.322 0.477 0.479 0.321 0.322 0.477 0.479

**Note: The first and last 6 columns report Fama and MacBeth (1973) regression coefficients and Newey and West (1987)
standard errors with 3 lags using Martin and Wagner (2019) and Kadan and Tang (2020) expected excess returns as dependent
variables, respectively. The sample consists of S&P 500 index constituents during 2007/1 ~ 2021/12 whose set of traded options
with 15 to 45 days to maturity contains options with at least 15 unique moneyness (strike price / current stock price) at any
given time t. Details of industry-adjusted ESGQ, ESGS3, and control variables are presented in section 2.1 and Table 1. All
regressors are standardized each month to have zero mean and unit variance, except for Btmkt. On average, standard deviations

of ESG™ and ESGS are approximately 2.3 and 14, respectively. *, ** and *** indicate significance at the 10%, 5%, and 1%

levels, respectively.
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Table IA.2: ESG Implied Cost of Capital (Hou et al. (2012) Methods)

S&P 500 Stocks All Stocks ( > 2012)
CcT oJ E HVZ CcT oJ E HVZ
ESG? -0.018** -0.017* 0.033 -0.016**  -0.015** -0.015* 0.051* -0.022%**
(-248)  (-1.91)  (146)  (-2.05)  (-213)  (-1.90)  (1.86)  (-3.68)
ESG? -0.043***%  _0.030%** -0.067*** -0.042F** -0.193*** _0.225%** _(0.691*** _(.182***
(-4.30)  (-3.67)  (-268)  (-3.00)  (-13.91)  (-1241)  (-15.19)  (-14.94)
tmkt -0.014 -0.042 0.081 0.025 0.109%**  0.088*%**  (.277F**  (.112%**

(-0.46)  (-1.35)  (0.83) (0.85) (3.15) (2.63) (4.03) (4.20)
Log(Size,)  -0.220%%%  _0.271%%F  _0.365%F% _0.196%F*F -0.526%** -1.070%¥F _2.973%FF (), 620%+*
(-11.84)  (-17.24)  (-7.03)  (-9.56)  (-17.75)  (-18.19)  (-18.23)  (-32.56)
Log(BTM,) 0.202%%%  0.089%%* (.161%¥¥* 0.1530F  (.686*** 0.301%%F  0.287%FF  (.411%+
(6.68) (6.85) (393)  (10.40)  (14.24)  (1537)  (6.15)  (17.57)
MOM, 20.016  -0.038%%*% _0.104%¥* _0.033%*  0.064* 0.014  -0.438%%*  _0.018
(-1.15)  (-3.12)  (-3.99)  (-2.39)  (1.73) (0.44)  (-6.08)  (-0.51)
Log(Turn;)  -0.039%  0.001  0.165%%  -0.001  -0.798%%% _0.594%%* -0 1955 _0.573%%*
(-1.91)  (0.03) (3.28)  (-0.02)  (-1823)  (-17.87)  (-2.55)  (-13.91)
Log(LEV,)  0.493%%  0.632%%F  1071¥F  (Q585FFF  1.042%%F  (.093%FF  1.443%8F ] 176%F
(25.58)  (21.81)  (21.65)  (30.09)  (17.21)  (17.22)  (13.62)  (20.05)
Inv; 0.015  -0.023%% -0.270%%% _0.030%%* 0.141%F%  0.069%** -0.588%%%  _0.018
(1.29)  (-2.02)  (-3.25)  (-3.14)  (5.25) (2.91)  (-6.85)  (-0.85)
Constant — 1.230%%%  2780%F  2.741%FF [ G5TFFF  1601%FF  3.736%F*  6.005FFF  2.211%F*
(10.15)  (22.90)  (28.61)  (21.91)  (16.51)  (40.15)  (26.28)  (33.05)

N 46640 44124 34073 31447 103708 89103 82003 64975
Adj. R? 0.478 0.509 0.496 0.601 0.510 0.511 0.479 0.603

**Note: The first and last 4 columns report Fama and MacBeth (1973) regression coefficients and Newey and West (1987)
standard errors with 3 lags using ICC measures of CT (Claus and Thomas (2001)), OJ (Ohlson and Juettner-Nauroth (2005)),
E (Easton (2004)), and HV Z (a “composite” ICC measure that is an equal-weighted average of the five, non-missing, individual
ICC estimates that HVZ use) based on the regression-based approach of Hou et al. (2012) as dependent variables of equation (10)
for S&P 500 (whole sample) and all CRSP stocks (from 2012 to 2021), respectively. Details of ESG{}, ESGS3, and control
variables are presented in section 2.1 and Table 1. All regressors are standardized each month to have zero mean and unit
variance, except for Btm’“. EPS; is omitted from regressors to prevent it from explaining too much variation of ICC that is
estimated from past and current earnings. On average, standard deviations of ESG™ and ESG® are approximately 1.2 and

14, respectively. *, ** and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

)
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Table IA.3:

Orthogonalized ESG ex-ante Equity Premia

(S&P 500 Stocks)

EMVIREE ] EfTIR}: )
) ©) ®) ) () (6) (7 ® ©) (10) (1) (12)
ESG:} -0.026%*% -0.023%F*% -0.014%F* -0.011%* -0.014*** -0.011%* -0.051%** -0.045%** -0.028*** -0.021** -0.028%F* -0.022**
(-4.20)  (-3.41)  (-296)  (-2.03)  (-290)  (-2.02)  (-4.19) (-341) (-296) (-2.03)  (-2.90)  (-2.02)
T 0.237 0.238 0.296 0.474 0.476 0.592
ESG, <2
(1.44) (0.90) (1.08) (1.44) (0.90) (1.08)
ESG? x1  p 0.058 0.062 0.083 0.116 0.124 0.167
ESG," <2
(0.81) (0.59) (0.76) (0.81) (0.59) (0.76)
ESG? -0.055%% -0.053**F* -0.015%**  -0.010% -0.014*** -0.009% -0.110%** -0.107*** -0.030*** -0.020* -0.028*** -0.019*
(-6.05)  (-5.05)  (-3.46)  (-1.89)  (-3.41) (-1.82)  (-6.05)  (-5.06)  (-3.46) -1.89)  (-341)  (-1.82)
1 ¢ -0.048 -0.123%* -0.113%* -0.096 -0.246** -0.226**
ESG,<—40
(-0.96) (-2.41) (-2.26) (-0.96) (-2.41) (-2.26)
ESG;c x1 ¢ -0.028 -0.064+* -0.060** -0.056 -0.127%F -0.119%*
ESG)<—40
(-1.24) (-2.71) (-2.57) (-1.24) (-2.71) (-2.57)
ﬁt’"kt 0.415%F%F  (0.414%%F  (0.230%%F  (0.235%F%  (.240%F%  0.236%F*  0.830%F*  (.827HFF  0.4TTHE 0.469%HF  0.480%*F  (.472%**
(8.06) (8.03) (6.16) (6.08) (6.17) (6.10) (8.06) (8.03) (6.16) (6.08) (6.17) (6.10)
Log(Sizey) -0.102%%% -0.105%F* 0.030%** 0.028*** 0.030%** 0.028*F* -0.204*** -0.209%** 0.059%** 0.056™** 0.060*** 0.057***
(-8.78)  (-8.84) (4.72) (4.30) (4.74) (4.32) (-8.78)  (-8.84) (4.72) (4.30) (4.74) (4.32)
Log(BT My) 0.026%*F 0.028%*% 0.009%*  0.011%*  0.008*  0.010%* 0.052%** 0.055%** 0.017%* 0.021%*  0.017%  0.021**
(3.12) (3.24) (2.04) (2.31) (1.97) (2.25) (3.12) (3.24) (2.03) (2.31) (1.96) (2.25)
MOM; -0.081%¥F -0.079%F*F -0.074%FF -0.072%F* -0.074%F* -0.072F%F -0.161F¥* -0.158F¥F -0.147F¥F (. 1443 _0.147%FF _(.144%F*
(-4.03)  (-4.04)  (4.10) (4.09) (413) (412)  (-4.03)  (4.04)  (-410) (-4.09) (4.13) (412
Log(Turny) 0.205%F 0. 207%¥F  0.204%**F  0.206%** 0.409%4F (0.414%4F  (0.407%FF  (.412%F*
(14.20)  (14.18)  (14.00)  (14.02) (14.20)  (14.19)  (14.00) (14.02)
Log(LEV;) 0.038%*  0.038%*  0.039%*  (0.039%* 0.077%%  0.077%%  0.077**  0.078**
(2.50) (2.51) (2.51) (2.53) (2.50) (2.51) (2.51) (2.53)
EPS; -0.089%** -0.088*** -0.088*** -0.087*** -0.178%F L0.176%FF -0.176%FF -0.174%+*
(-7.52)  (-7.52)  (-7.74)  (-7.75) (-7.52)  (-7.52)  (-7.73)  (-7.75)
Invg -0.004 -0.004 -0.009 -0.009
(-1.00)  (-1.04) (-1.00)  (-1.04)
Constant 0134746 0.1347%€ (0.314%%  (0.316%FF  0.313%F%  0.3151F%  0.304%%F  (.304%+F  (.755%4F (.758%**F (.751%FF (. 755%**
(5.09) (5.03) (9.93) (9.80) (9.94) (9.80) (9.01) (888)  (12.87) (12.71) (12.86) (12.71)
N 46571 46571 46561 46561 46551 46551 46571 46571 46561 46561 46551 46551
Adj. R? 0.323 0.321 0.477 0.477 0.478 0.479 0.323 0.321 0.477 0.477 0.478 0.479

**Note: The first and last 4 columns report Fama and MacBeth (1973) regression coefficients and Newey and West (1987)
standard errors with 3 lags using Martin and Wagner (2019) and Kadan and Tang (2020) expected excess returns as dependent
variables, respectively. The sample consists of S&P 500 index constituents during 2007/1 ~ 2021/12 whose set of traded options
with 15 to 45 days to maturity contains options with at least 15 unique moneyness (strike price / current stock price) at any
given time ¢. ES‘G? and ESGf are orthogonalized ESG? and ESGf from estimating the residuals of the following respective
regressions for each stock: ESG? = at +thSGf +e¢ and ESGf = at+b ESG? + e, respectively, with at least 25 observations.
Control variables are presented in Table 1. All regressors are standardized each month to have zero mean and unit variance,

ok

except for , **, and

ﬁznkt. On average, standard deviations of ESG? and ES'G’? are approximately 1.1 and 14, respectively. *

sokok

indicate significance at the 10%, 5%, and 1% levels, respectively.

66



Table IA.4: Orthogonalized ESG ex-ante Equity Premia (All Stocks)

EfT (R

vy=4 Y=25 v=06 y=7
(1) (2) (3) (4) (5) (6) (7) (8)
PO o2
ESG, -0.045%F*  _0.039%**  _0.050*%** -0.043%F* _0.057FF*  -0.049%F* _0.059*%F* _0.051*F*F*
(-4.41) (-4.82) (-4.37) (-4.34) (-4.54) (-4.68) (-4.47) (-4.50)
1T -72.010 -66.786 -68.660 -67.900
ESG, <2
(-1.02) (-1.01) (-1.01) (-1.01)
P o2
ESG, x1 x -23.906 -22.144 -22.768 -22.539
ESG, <2
(-1.03) (-1.02) (-1.02) (-1.03)
ESG;$ -0.080***  -0.058%** _0.090*%** -0.062*** -0.099*%** _0.070*** -0.106*** -0.075%**
(-4.59) (-3.53) (-4.77) (-3.62) (-4.79) (-3.66) (-5.02) (-3.83)
1ESG%§74O -0.356%** -0.496*** -0.522%** -0.557***
(-2.72) (-3.67) (-3.65) (-3.69)
ESG;$ X ]lEngsgi40 -0.195%** -0.252%** -0.269*** -0.291%%%*
(-3.81) (-4.91) (-4.88) (-4.97)
Constant 0.976*%**  (0.994***  1.080***  1.095%**  1.133***  1.147***  1.196***  1.210*%**
(7.90) (8.02) (8.00) (8.10) (7.99) (8.12) (7.96) (8.10)
N 48993 48993 57630 57630 63473 63473 67699 67699
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Adj. R? 0.386 0.381 0.391 0.389 0.388 0.387 0.395 0.395

**Note: Each pair of columns reports Fama and MacBeth (1973) regression coefficients and Newey and West (1987) standard

errors with 3 lags using Kadan and Tang (2020) expected excess returns as dependent variables for the sample of CRSP stocks
Va'r(Ri,t)

Cov(R; ¢, Rm,t)

Meeting both (i) and (ii) is a sufficient condition for Kadan and Tang (2020) expected returns to be legitimate lower bounds

that satisfy the following two conditions: (i) Cov(R; ¢, Rm,t) < 0 and (ii) < ~ for the previous 12 months.
of actual expected returns, given the acceptable range of relative risk aversion parameter value is lower than ~. The sample
period is from 2007/1 to 2021/12 and I further restrict to stocks whose set of traded options with 15 to 45 days to maturity
contains options with at least 15 unique moneyness (strike price / current stock price) at any given time ¢. ES‘G;m and
EgG’f are orthogonalized ESG? and ESG? from estimating the residuals of the following respective regressions for each stock:
ESG? =at + thSGf + e+ and ESGf =a¢ + thSG? + e, respectively, with at least 25 observations. Control variables are
presented in Table 1. All columns include the most rich set of control variables (i.e., control variables in (5), (6), (11), or (12)
in Table 5). All regressors are standardized each month to have zero mean and unit variance, except for Btm’“. On average,
standard deviations of ES‘G? and ESG;B are approximately 1.1 and 14, respectively. *, ** and *** indicate significance at the

10%, 5%, and 1% levels, respectively.
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Table TA.5: Orthogonalized ESG ex-post Equity Premia

Rty
S&P 500 Stocks All Stocks
(1) (2) 3) (4) (5) (6) (7) (8)
ESG? 0.042 0.024  0.063 0.045 0.054  0.041 0.060 0.050
(0.81) (0.46)  (1.32)  (0.91)  (1.07)  (0.80) (1.27) (1.03)
1y -2.224 -2.067 67.955 65.733
ESG," <2
(-0.25) (-0.25) (0.96) (0.96)
ESG?X 1 -0.970 -0.821 21.164 20.519
ESG,” <2
(-0.29) (-0.26) (0.99) (0.99)
forTen -0.053  0.011  -0.045 0.011  -0.147%%  -0.080  -0.138**  -0.069
(-0.96) (0.17)  (-0.94)  (0.21)  (-2.36)  (-1.37)  (-2.32)  (-1.35)
Lsoi< a0 -0.465 -0.427 0.940 1.068
(-0.50) (-0.49) (0.47) (0.52)
ESG) x LIRS -0.292 -0.241 0.141 0.188
' (-0.92) (-0.81) (0.23) (0.30)
R -0.015 -0.015 -0.014  -0.014 -0.018%* -0.018%* -0.019%* -0.019%*
(-1.51) (-1.49)  (-1.46)  (-1.45)  (-2.11)  (-2.16)  (-2.34)  (-2.39)
Bkt 0.404 0397 0.239 0.236 0.209 0.217 0.239 0.243
(1.10)  (1.08)  (0.73)  (0.72)  (0.64)  (0.67) (0.84) (0.85)
Log(Size;) -0.022  -0.028  0.011 0.011  -0.306*  -0.296% -0.459%** _(.449%**
(-0.24) (-0.30)  (0.13)  (0.13)  (-1.75)  (-1.70)  (-2.89)  (-2.87)
Log(BTM,) -0.077 -0.073  -0.012  -0.014  0.044  0.048 0.032 0.032
(-1.14) (-1.07) (-0.25)  (-0.29)  (0.55)  (0.60) (0.43) (0.42)
MOM, -0.082 -0.078 -0.091  -0.084  0.149  0.151 0.126 0.128
(-0.87) (-0.82) (-0.99)  (-0.92)  (0.94)  (0.95) (0.87) (0.89)
Log(Turny) 0.194%%  0.197** 0.069 0.077
(2.29)  (2.33) (0.58) (0.64)
Log(LEV;) -0.095  -0.084 0.041 0.058
(-1.03)  (-0.92) (0.35) (0.49)
EPS, 0.225%%* (1,220 0.378%%%  ().385%%*
(4.26)  (4.35) (6.57) (6.69)
Inv, -0.059  -0.058 -0.051 -0.040
(127)  (-1.27) (-0.76)  (-0.59)
Constant 0.544%  0.525%  0.711%F  0.693**  0.988**  0.965%%  0.884%*  (.854**
(1.80) (1.74)  (246)  (2.39)  (242)  (2.34) (2.17) (2.09)
N 47601 47601 47579 47579 128420 128420 128338 128338
Adj. R? 0.136  0.133  0.164 0.162 0.102 0.101 0.122 0.121

**Note: The first and last 4 columns report Fama and MacBeth (1973) regression coefficients and Newey and West (1987)
standard errors with 3 lags using realized excess returns as dependent variables for S&P 500 stocks and for all CRSP stocks,
respectively. The sample period is from 2007/1 to 2021/12. ESG? and ES’Gf are orthogonalized ESG? and ESG? from
estimating the residuals of the following respective regressions for each stock: ESG;I:r = at + thSGf + et and ESG? =
at + thSG? + et, respectively, with at least 25 observations. Control variables are presented in Table 1. All regressors are
standardized each month to have zero mean and unit variance, except for Btmkt. On average, standard deviations of ESG?
and ES’G? are approximately 1.1 and 14, respectively. *, ** and *** indicate significance at the 10%, 5%, and 1% levels,

respectively.

68



Table TA.6: Orthogonalized ESG ex-post Return Predictability

R
S&P 500 Stocks All Stocks
(1) (2) 3) (4) (5) (6) (7 (8)
ES‘G:} 0.040 0.038 0.058 0.056 0.064* 0.068** 0.074%* 0.079**
(0.97) (0.90) (1.40) (1.31) (1.95) (1.97) (2.14) (2.21)
T 2.947 3.058 -0.149 -0.277
ESG," <2
(1.22) (1.27) (-0.10) (-0.17)
ESG? x1 g 1.253 1.305 -0.090 -0.182
ESG,” <2
(1.35) (1.40) (-0.13) (-0.26)
ESG,$ -0.140%F*  -0.110* -0.097* -0.058  -0.252%*F  0.247F*F  (0.228%FFF  (.207FF*
(-2.71) (-1.85) (-1.81) (-0.95) (-6.30) (-5.54) (-5.68) (-4.61)
1E§G§§—40 -0.830 -0.837 -1.378* -1.452%
(-1.20) (-1.19) (-1.71) (-1.78)
ESG; x Lyseseio -0.443 -0.461 -0.472% -0.552%
(-1.57) (-1.58) (-1.88) (-2.18)
R§* S0.161FF% S0.161FF%  -0.162%FF  -0.162%FF  -0.099%*F*  -0.099*** -0.100*** -0.100***
(-23.11)  (-23.12)  (-23.28)  (-23.28)  (-17.02)  (-17.02)  (-17.13)  (-17.13)
{”k” 0.402%%F  0.410%**  (0.298%**  (0.305%** 0.140% 0.141%* 0.100 0.100
(4.15) (4.22) (2.80) (2.86) (1.80) (1.81) (1.19) (1.19)
Log(Size) -0.195%F*  _0.201%*%*  -0.104 -0.108*%  -0.556™*F*  _0.558%FF  _(.726%*F*F _(.731**F*
(-3.43) (-3.54) (-1.61) (-1.69) (-8.09) (-8.11) (-10.49) (-10.51)
Log(BTM,) -0.021 -0.022 -0.038 -0.042 0.036 0.036 -0.027 -0.029
(-0.41) (-0.44) (-0.70) (-0.77) (0.78) (0.76) (-0.49) (-0.55)
MODM, 0.264%%%  0.263%*%  0.269***  0.268%**  0.548%**  0.548%**  0.560***  0.560%**
(5.62) (5.58) (5.72) (5.69) (9.35) (9.35) (9.34) (9.35)
Log(Turnyg) 0.215%¥*  0.216%** 0.256***  0.262%**
(3.53) (3.58) (4.24) (4.32)
Log(LEV;) 0.115* 0.122%* 0.295%*%*  (0.301***
(1.78) (1.88) (4.29) (4.34)
EPS, 0.206%**  (0.205%** 0.393**%  (0.393***
(4.07) (4.05) (10.54)  (10.57)
Invg -0.146%%%  _0.147%F* S0.171%%% Q. 171RF*
(-3.15)  (-3.16) (-317)  (-3.18)
Constant 0.913%%F  0.896%**  1.010%**  0.992%**F 1. 713%** 1. 713%FF  1.572%FF 1 567***
(8.73) (8.39) (8.60) (8.29) (14.90) (14.87) (13.38) (13.32)
N 46971 46971 46949 46949 120945 120945 120869 120869
Industry FE FF-49 FF-49 FF-49 FF-49 FF-49 FF-49 FF-49 FF-49
Quarter FE Yes Yes Yes Yes Yes Yes Yes Yes
Clustered SE Stock Stock Stock Stock Stock Stock Stock Stock
Adj. R? 0.145 0.145 0.146 0.146 0.125 0.125 0.126 0.126

**Note: The first and last 4 columns report return-predictability regression coefficients and standard errors clustered at a
stock level, using realized excess returns as dependent variables for S&P 500 stocks and for all CRSP stocks, respectively. All
regressions include NAICS 4-digit industry (robust to using SIC codes) and quarter fixed effects. The sample period is from
2007/1 to 2021/12. ESG? and ES’G? are orthogonalized ES’G? and ESGf from estimating the residuals of the following
respective regressions for each stock: ESG? =a¢+ thSGf + et and ESG% =a¢+ thSG? + e¢, respectively, with at least 25
observations. Control variables are presented in Table 1. All regressors are standardized each month to have zero mean and unit

. s g o .. . .
variance, except for 8%, On average, standard deviations of ESG, and ESG, are approximately 1.1 and 14, respectively.
t t t

* ** and *** indicate significance at the 10%, 5%, and 1% levels, respectively.
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Table TA.7: Non-pecuniary Utility

«BKM ¥ o
Mm\? ~ g (in %)
S&P 500 Stocks All Stocks
(1) (2) (3) (4) (5) (6) (7) ®)
ESG? 0.0011**  0.0012**  0.0009* 0.0009*  0.0029™**  0.0031***  0.0008* 0.0009*
(2.06) (2.05) (1.90) (1.89) (7.12) (7.24) (1.89) (1.88)
1 x 0.0047 0.0056 0.0013 0.0056
ESG™ <2
(0.91) (0.80) (0.16) (1.04)
ESGt¢r X1 0.0011 0.0016 -0.0023 0.0016
ESG™ <2
(0.54) (0.50) (-0.61) (0.80)
Constant -0.0078***F -0.0078*** -0.0076*** -0.0076*** -0.0142*** -0.0142*** -0.0078*** -0.0079***
(-14.88) (-14.76) (-15.07) (-14.94) (-29.70) (-29.52) (-14.15) (-13.91)
N 60281 60281 57243 57243 152495 152495 57243 57243
N/A Fundamentals Yes Yes No No Yes Yes No No
Adj. R? 0.033 0.033 0.032 0.032 0.040 0.041 0.032 0.032

**Note: The first and last 4 columns report Fama and MacBeth (1973) regression coefficients and Newey and West (1987)
standard errors with 3 lags using Bakshi et al. (2003)’s options-based risk-neutral return mean minus the risk-neutral return
mean directly recovered the estimated risk-neutral probability distribution as dependent variables for S&P 500 stocks and for
all CRSP stocks, respectively. The sample period is from 2007/1 to 2021/12 and restricted to observations whose set of traded
options with 15 to 45 days to maturity contains options with at least 15 unique moneyness (strike price / current stock price)
at any given time t. Details of ESG™ and ESGS are presented in section 2.1. Columns (1), (2), (5), and (6) allow stocks with
missing firm fundamentals in the sample, while other columns do not. All regressors are standardized each month to have zero
mean and unit variance. On average, standard deviations of ESG® and ESGS are approximately 1.2 and 14, respectively. *

** and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

)
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Table TA.8: Top 20 Industries with Strongest Intensities of Two Preferences

FF-49 Non-pecuniary Pecuniary

Ranks (ESG™) (ESG®)

1 Non-Metallic & Industrial Metal Mining*** Automobiles & Trucks**

2 Tobacco Products™ Restaurants, Hotels, & Motels*
3 Restaurants, Hotels, & Motels* Precious Metals**

4 Transportation™* Tobacco Products™

5 Petroleum & Natural Gas™* Defense***

6 Measuring & Control Equipment™** Electrical Equipment**

7 Electrical Equipment*** Retail*™**

8 Electronic Equipment™* Machinery**

9 Consumer Goods™* Computer Software™*

10 Healthcare*** Healthcare***

11 Computers** Communication***

12 Aircraft** Recreation™*

13 Food Products** Apparel™*

14 Medical Equipment*** Consumer Goods™*

15 Retail*** Entertainment™**

16 Construction™* Rubber and Plastic Products***
17 Wholesale*** Beer & Liquor***

18 Business Services*** Transportation™*

19 Defense*** Non-Metallic & Industrial Metal Mining*™**
20 Machinery*** Computers™*

**Note: Based on the regression result adding three extra regressors Lindustry ESGf'i X Lindustry and ESGf,t X industry to (5)
of Table 5 for one industry at a time, absolute value of (i) coefficient on ESG’?t (ESGf’t)7 if coefficient on ESG’?t X lindustry
(ESG% X Lindustry) is not significant at 10% level, or (ii) the sum of coefficients on ESGf’}t and ESG?t X Lindustry (ESnyt and
ESGit X Lindustry), if both coefficients are, or the sum is, significant at 10% level, are ranked. All coefficients have the correct
signs (i.e., negative ESG™ and ESGS coefficients) and *, **, and *** indicate significance at the 10%, 5%, and 1% levels,
respectively, of the coefficients. The sample is restricted to S&P 500 stocks. The sample period is from 2007/1 to 2021/12 and
restricted to observations whose set of traded options with 15 to 45 days to maturity contains options with at least 15 unique
moneyness (strike price / current stock price) at any given time ¢. To ensure any given industry consists of at least 2 unique

stocks, industries with less than 15 x 12 = 180 (yrxmo) observations are dropped. To exclude financial sector stocks, stocks

with Fama-French 49 industry codes of 45 to 48 are dropped.
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Table TA.9: Top 20 Industries with Strongest Intensities of Two Preferences

NAICS Non-pecuniary Pecuniary

3-digit  (ESG™) (ESG®)

1 Mining (except Oil & Gas)* Food Services & Drinking Places**

2 Petroleum and Coal Products Manufacturing™* Rental and Leasing Services**

3 Publishing Industries (except Internet)™ Ambulatory Health Care Services**

4 Oil & Gas Extraction** Oil & Gas Extraction*

5 General Merchandise Stores* Publishing Industries (except Internet)***

6 Waste Management & Remediation Services* General Merchandise Stores**

7 Accommodation® Merchant Wholesalers, Durable Goods**

8 Computer & Electronic Product Manufacturing*** Machinery Manufacturing**

9 Hospitals™* Furniture & Related Product Manufacturing***

10 Merchant Wholesalers, Durable Goods*** Utilities™

11 Professional, Scientific, & Technical Services** Telecommunications™*

12 Leather & Allied Product Manufacturing*** Amusement, Gambling, & Recreation Industries***

13 Air Transportation™** Apparel Manufacturing**

14 Construction of Buildings*** Administrative & Support Services**

15 Food Manufacturing** Electrical Equipment, Appliance, & Component
Manufacturing™**

16 Electronics & Appliance Stores*** Transportation Equipment Manufacturing™*

17 Merchant Wholesalers, Nondurable Goods*** Support Activities for Mining*™**

18 Health & Personal Care Stores™* Plastics & Rubber Products Manufacturing™*

19 Motor Vehicle & Parts Dealers*™* Motor Vehicle & Parts Dealers™*

20 Administrative & Support Services™** Air Transportation***

**Note: Based on the regression result adding three extra regressors Lindustry» ESG?t X Lindustry and ESGf’t X Lindustry to (5)
of Table 5 for one industry at a time, absolute value of (i) coefficient on ES’Gf’}t (ESG%), if coefficient on ES’Gf’}t X Lindustry
(ESnyt X Lindustry) is not significant at 10% level, or (ii) the sum of coefficients on ESGi}t and E'SG?; X Lindustry (E'SGf’t and
ESGit X Lindustry), if both coefficients are, or the sum is, significant at 10% level, are ranked. All coefficients have the correct
signs (i.e., negative ESG™ and ESGS coefficients) and *, **, and *** indicate significance at the 10%, 5%, and 1% levels,
respectively, of the coefficients. The sample is restricted to S&P 500 stocks. The sample period is from 2007/1 to 2021/12 and
restricted to observations whose set of traded options with 15 to 45 days to maturity contains options with at least 15 unique
moneyness (strike price / current stock price) at any given time ¢. To ensure any given industry consists of at least 2 unique
stocks, industries with less than 15 x 12 = 180 (yrxmo) observations are dropped. To exclude financial sector stocks, stocks

with NAICS 2-digit codes of 52 and 53 are dropped.
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Table TA.10: Institutional Ownership

S&P 500 Stocks All Stocks
MW KT y=4 =17
ESG? -0.012%*  -0.010%*  -0.023**  -0.020%* -0.027*** -0.013* -0.031***  -0.008
(-2.40) (-2.09) (-2.40) (-2.09) (-4.07) (-1.97) (-3.36) (-0.73)
ESG? x 170,<0.6 -0.027* -0.054* -0.122%** -0.184***
(-1.73) (-1.73) (-2.86) (-2.66)
ESG? -0.006*  -0.010**  -0.012*  -0.020*%* -0.054*** _0.058*** _0.068%*F* -0.078***
(-1.69) (-2.51) (-1.69) (-2.51) (-4.17) (-4.37) (-4.59) (-5.27)
ESG;$ x 110,<0.6 0.041*** 0.082%** 0.024 0.054
(3.27) (3.27) (0.61) (1.31)
1r0,<0.6 0.081*** 0.162%** 0.221%%%* 0.338%**
(4.74) (4.74) (2.76) (4.39)
10; -0.048%**  _0.035%FF  _0.097***  _0.069%** -0.265%F* _(0.151%*¥* _0.442%FFF _(,282%**
(-6.95) (-4.81) (-6.95) (-4.81) (-5.31) (-3.00) (-6.60) (-4.44)
Constant 0.310%**F  0.305%%*  (.745%**  (.736%FF*%  1.138%**  1.027**¥*% 1.489*%F*F  1.338%**
(9.56) (9.42) (12.43) (12.16) (7.93) (7.21) (8.64) (7.44)
N 46705 46705 46705 46705 49458 49458 68427 68427
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Adj. R? 0.491 0.494 0.491 0.494 0.399 0.409 0.417 0.425

**Note: The first 4 and last 4 columns report Fama and MacBeth (1973) regression coefficients of (15) and Newey and West
(1987) standard errors with 3 lags using Martin and Wagner (2019) or Kadan and Tang (2020) expected excess returns as
dependent variables for the sample of only S&P 500 stocks and all CRSP stocks, respectively. For all CRSP stocks, I consider

those that satisfy the following two sufficient conditions for Kadan and Tang (2020) measure to be a valid lower-bound estimate
Var(R; )
Cov(R;,t,Rm,t)

from 2007/1 to 2021/12 and I further restrict to stocks whose set of traded options with 15 to 45 days to maturity contains

of expected returns: (i) Cov(R; ¢, Rm,¢) < 0 and (ii) < 4 for the previous 12 months. The sample period is
options with at least 15 unique moneyness (strike price / current stock price) at any given time t. Details of ESGQ, ESGS,
and control variables are presented in section 2.1 and Table 1. All columns include the most rich set of control variables (i.e.,
control variables in (5), (6), (11), or (12) in Table 5. All regressors are standardized each month to have zero mean and unit
variance, except for /Btmkt. 170, <0.6 denotes a dummy variable that equals 1 if stock i’s institutional ownership share is less

* * 3k

than or equal to 60%. On average, standard deviations of ESG® and ESGS are approximately 1.2 and 14, respectively. *, **,

and *** indicate significance at the 10%, 5%, and 1% levels, respectively.
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Table TA.11: Domestic vs. Multinational Companies

S&P 500 Stocks All Stocks
MW KT y=4 y="
ESG’? -0.012%%%  _0.025%**  _0.024*** _0.050*** -0.044*** -0.059*** _0.062*** -0.060***
(-2.66) (-4.28) (-2.66) (-4.28) (-5.08) (-5.69) (-5.25) (-4.57)
ESG?2 X Larui, 0.025%** 0.051%** 0.044*** 0.011
(2.69) (2.69) (3.48) (0.56)
ESGf -0.012%%%* 0.004  -0.023%** 0.007  -0.070***  -0.016* -0.093*** -0.029***
(-3.05) (0.68) (-3.05) (0.68) (-4.52) (-1.93) (-5.02) (-2.74)
ESG? X Lagure, -0.028*** -0.056%** -0.116%** -0.147F%*
(-3.63) (-3.63) (-4.72) (-5.25)
Laru, 0.048***  0.049***  0.096***  0.099***  0.140***  0.069**  0.220%**  (0.146%**
(5.84) (5.91) (5.84) (5.91) (3.78) (2.50) (4.64) (3.86)
Constant 0.293**F*  0.290%**  0.712%**  (0.705%**  0.981*F**  1.016*** 1.209%**  1.241%**
(9.19) (9.26) (12.15) (12.41) (7.98) (8.06) (8.09) (8.16)
N 46705 46705 46705 46705 49458 49458 68427 68427
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Adj. R? 0.480 0.481 0.480 0.481 0.388 0.390 0.398 0.400

**Note: The first 4 and last 4 columns report Fama and MacBeth (1973) regression coefficients of (16) and Newey and West
(1987) standard errors with 3 lags using Martin and Wagner (2019) or Kadan and Tang (2020) expected excess returns as
dependent variables for the sample of only S&P 500 stocks and all CRSP stocks, respectively. For all CRSP stocks, I consider

those that satisfy the following two sufficient conditions for Kadan and Tang (2020) measure to be a valid lower-bound estimate
Var(Ri,t)
Cov(R; t,Rm,t)

from 2007/1 to 2021/12 and I further restrict to stocks whose set of traded options with 15 to 45 days to maturity contains

of expected returns: (i) Cov(R; ¢, Rm,¢) < 0 and (ii) < « for the previous 12 months. The sample period is
options with at least 15 unique moneyness (strike price / current stock price) at any given time ¢. Details of ESG*I}7 ESGS,
and control variables are presented in section 2.1 and Table 1. All columns include the most rich set of control variables (i.e.,
control variables in (5), (6), (11), or (12) in Table 5. All regressors are standardized each month to have zero mean and unit
variance, except for Btm“. lMulti’t denotes a dummy variable that equals 1 if stock ¢’s issuer company is multinational (i.e.,
firm fundamental (Compustat) data come from both domestic and international sources). On average, standard deviations of
ESG™ and ESGS are approximately 1.2 and 14, respectively. *, ** and *** indicate significance at the 10%, 5%, and 1%

levels, respectively.
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Figure IA.1: Persistent Growth of ESG Integration in the US
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**Source: Morningstar Direct as of Dec. 31, 2021. Includes Sustainable Funds as defined in Sustainable Funds U.S. Landscape
Report, January 2022. Includes funds that have liquidated, but excludes funds of funds.
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Figure IA.2: Global Sustainable Investment Alliance (GSIA) Report 2020
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**Note: The report is largely based on a survey sent out to 682 money managers and 1,146 institutional investors. US SIF
identified a universe of 397 money managers and 553 institutional investors with $43.8 and $10.3 trillion in assets under
management, respectively. Of them, 384 money managers and 530 institutions were confirmed as incorporating ESG criteria,
affecting $16.6 and $6.2 trillion in assets, respectively. In addition, 1,204 community investing institutions with $266 billion in
assets under management were analyzed. US numbers are extrapolated based on a subset of respondents who gave information
about their sustainable investing strategies. For more information about the report, see US SIF Report on US Sustainable and

Impact Investing Trends 2020 and Global Sustainable Investment Review 2020.
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Figure IA.3: Time-Varying ESG Equity Premia (All CRSP Stocks)
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**Note: The figure plots the Kadan and Tang (2020) estimated ESGH (left) and ESGS® (right) X’s in solid lines and their 95%
confidence intervals in dashed lines of the first Fama and MacBeth (1973) regression in (10) over the window of past 3 years
for all CRSP-listed stocks that satisfy the following sufficient conditions for Kadan and Tang (2020) expected returns to be
legitimate lower bounds of actual expected returns: (i) Cov(R; ¢, Rm,t) < 0 and (ii) % <« = 7 for the previous 12
months. For example, \’s on date 2011/1 are estimates over the period from 2008/2 to 2011/1. Confidence intervals are based
on Newey and West (1987) standard errors with 3 lags. The formal test of cyclicality is provided by computing correlation
between 36-month average of lagged real GDP growth (details in 1) and 36-month rolling window X’s. *, **/ and *** indicate
significance at the 10%, 5%, and 1% levels, respectively. The trends are robust to using windows of past 4 or 5 years. Y-axis

represents the change in expected returns (in %) associated with 1 standard deviation increase in ESG®™ and ESG® ratings.

On average, standard deviations of ESG™ and ESG? are approximately 1.2 and 14, respectively.
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Figure IA.4: ex-ante vs. ex-post ESG Equity Premia (All Stocks)
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**Note: The blue line and the blue shaded region in the left (right) plot the inverse of Kadan and Tang (2020) estimated ESGH?
(ESG®) X's and their 95% confidence intervals, respectively, of the first Fama and MacBeth (1973) regression in (10) over the
window of past 3 years for all CRSP stocks. The red line and red shaded region denote \’s and their 95% confidence intervals,
respectively, estimated through (11) using realized returns. For example, A’s on date 2010/1 are estimates over the period from
2007/2 to 2010/1. Confidence intervals are based on Newey and West (1987) standard errors with 3 lags. For comparability, all
regression estimates here are based on standardized variables (both independent and dependent variables), so Y-axis represents
the standard-deviation change in one-month-ahead expected or realized returns associated with 1 standard deviation increase
in ESG¥ and ESGS ratings. The trends are robust to using windows of past 4 or 5 years. On average, standard deviations of

ESG® and ESG?® are approximately 1.2 and 14, respectively.
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