
SUSTAINABILITY IN THE TIME OF UNCERTAINTY

Abstract. Examining the shock of the COVID-19 pandemic to the global financial market, we present

evidence that sustainably rated stocks have proven most resilient during the downturn. Based on a

developed decomposition of sustainability scores into three explanatory components capturing uncer-

tainty, investor sentiment, and an idiosyncratic sustainability factor, we show that all three mechanisms

contribute to the resilience of sustainable stocks during the market crash. As the idiosyncratic sustain-

ability factor arguably accounts for the most prominent part of the effect observed, we establish a link

between resilience and investor trust in sustainability during times of heightened market uncertainty.

Experimental evidence on investor preferences for sustainability during the crash supports the premise

that sustainability is valued in times of uncertainty.

1. Introduction

The worldwide dissemination of the COVID-19 pandemic led to one of the most severe and unexpected

stock market crashes in a century, driven by rising fears and a global economic shutdown. Analogous

to the most severe stock market crashes, the recent crisis is characterized by a rapid, abrupt, and

unanticipated decline of stock prices across a significant cross-section of stock markets worldwide.

The crash began on 20 February 2020, with worldwide stock markets the following week reporting

their largest one-week declines since the 2008 global financial crisis. Global markets into early March

became extremely volatile, reporting severe contractions and seeing a downturn of at least 25% during

the crash, and 30% in most G20 nations.

In this paper, we use the abrupt increase of market uncertainty induced by the COVID-19 pandemic

as an external shock to study its impact on sustainable stocks in the U.S. equity market. We estimate

abnormal returns starting from the market peak on 20 February 2020 and provide evidence that in

the following downturn of the global financial markets, U.S. stocks with high environmental, social

and governance (ESG) ratings experience significantly higher stock returns. We find this effect to be

particularly strong in the first extreme days of the crash, while in the rebound period following 18

March 2020, the stock price development is not reflected in measures of sustainability. To address

the underlying drivers of this observed resilience of sustainability during the crash, we argue that it

is crucial to understand the type of market- and sentiment relevant information that sustainability

scores encode. Towards this end, we dissect sustainability scores based on historical ESG and market

data over the three years leading up to the crash. ESG scores are empirically decomposed into

three orthogonal components capturing uncertainty, investor sentiment, as well as an idiosyncratic

sustainability factor. We then revisit the event study of the crash in light of these three explanatory

factors and show that all three components significantly contribute to resilience of sustainability
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during the downturn. Outperformance of ESG stocks is therefore not only driven by market risk

and sentiment metrics, but also by an idiosyncratic sustainability component, which we interpret

as investors placing a sustainability-induced valuation premium on these stocks during the crash.

Finally, we carry out two identical experiments before (November 2019) and during (March 2020) the

crash eliciting investors’ preferences for sustainable equity as well as risk and ambiguity attitudes and

find that preferences for sustainability significantly increase during the crash, even amongst risk and

ambiguity averse participants. Our experimental evidence supports the empirically drawn premise

that sustainability is valued in times of uncertainty and market turmoil.

The intricate link between sustainability and uncertainty has long been the subject of investigation in

environmental and sustainable development sciences (Dovers and Handmer, 1992; Berliner, 2003). We

contend that the sustainability–uncertainty relationship is likewise an important one to consider in the

context of stock markets and the globally connected financial eco-system. In particular, analogous to

other severe stock market crashes, the COVID-19 crash is arguably a social phenomenon, with external

public health and economic events combining with crowd psychology in a positive feedback loop where

selling by some market participants drives more market participants to sell. Studies of previous major

crashes due to external events have shown not only to influence a significant decline in the stock

market value of a wide range of stocks, but that such stock drops may result in the rise of stock prices

for firms of specific profiles and those that are competing against the most affected corporations

(Galbraith, 1955). Fluctuations in investor sentiment and the attention to specific stock properties

are thus factors that could play a significant role during financial crises (Shiller, 1987; De Long and

Shleifer, 1991; Siegel, 1992; Baur, Quintero, and Stevens, 1998). Leaving aside market turmoils, the

increasing magnitude of individual and institutional investor preferences for sustainability has been

extensively documented (Riedl and Smeets, 2017; Krüger, Sautner, and Starks, 2018; Hartzmark and

Sussman, 2019). The COVID-19 induced stock market crash thus presents a natural experiment for

stress-testing the extent and nature of these preferences.

Indeed, sustainability seems to have captured investors’ attention during the recent crash. Figure

1.1 displays the price development of the S&P 500, the VIX Index as a proxy for the stock market’s

expectation of volatility, alongside of the Google Trends of the term “ESG” as well as “Environmental,

Social, and Governance” on a weekly basis over the one-year time period April 2019 to April 2020. The

Figure indicates a recent spike in the popularity of this search query in Google Search across various

regions and languages, which to a certain degree matches the stock market crash and the increase

in perceived risk attitudes. Moroever, a multitude of practitioner writings have recently reported an

increase in investor sentiment for sustainable investment strategies (iShares BlackRock, 2020).

While recent academic research suggests that high environmental, social and governance ratings pos-

itively contribute to companies’ resilience in times of turmoil (Albuquerque, Koskinen, and Zhang,

2018; Dunn, Fitzgibbons, and Pomorski, 2019; Lins, Servaes, and Tamayo, 2017), with Albuquerque,

Koskinen, Yang, and Zhang (2020) studying resilience in the 2020 crash in particular, it remains

largely unexplored what parts of stock characteristics ESG ratings actually capture. As a conse-

quence, we know very little about the nature of the the components of sustainability scores that could
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Figure 1.1. Uncertainty and sustainability sentiment during the COVID-19 crash.

possibly be related to stock market performance. Existing studies mostly ground the link between sus-

tainability and risk on measures of operational firm performance, such as product differentiation and

margins (Albuquerque, Koskinen, and Zhang, 2018). The impact of investor behavior on stock price

resilience of ESG stocks in times of turmoil has received less attention. Lins, Servaes, and Tamayo

(2017), for instance, argue that ESG ratings reflect enhanced trustworthiness from the perspective of

investors and that this is particularly valued in an abrupt low-trust period, and therefore reflected

in higher abnormal returns by sustainable stocks. Since sustainable investments have recently gained

significantly in importance and value1, one may margue that investors remain faithful to better rated

stocks specifically due to sustainability considerations, even (and perhaps especially) in times of in-

creased risk. At the same time, due to the increasing evidence on the negative link between ESG and

risk, ESG-enhanced risk considerations may have become increasingly important in investors’ decision

making processes and, consequently, are reflected in prices during turmoil.

The global stock market crash in 2020 represents an ideal setting to study the different factors driving

stock prices following a sudden and unexpected increase in risk levels. The sharp increase in market

uncertainty during the crash enables us to establish a link between risk and sustainability with regards

to stock market performance that has not been captured before. By decomposing ESG ratings into

elements capturing uncertainty, investor sentiment, and an idiosyncratic sustainability factor, we are

able to study the contribution of each factor to the resilience in the crisis. Due to the short-term

nature of the event, it is therefore possible to disentangle an effect driven by investor demand, before

quarterly reporting reveal companies actual operational exposure to the shock.

1Reflected for example in the annual reports by the U.S. Forum for Sustainable and Responsible Investment (US SIF):
https://www.ussif.org/trends
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Our main contributions are threefold. First, we provide evidence that during one of the worst stock

market crashes in history, sustainably rated stocks have proven most resilient. Second, we provide a

decomposition of ESG scores that sheds light on the nature of this resilience in terms of risk, sentiment,

and a residual sustainabilty component. Third, we show that the idiosyncratic sustainability factor

is arguably the most prominent in terms of explanatory power of this resilience, leading us to partly

justify this resilience in terms of investor trust in sustainability during times of hightened market

uncertainty.

Our paper contributes to four strands of literature. First, our research adds to the discussion on the

characteristics of ESG ratings. Extensive research discusses the validity of ESG ratings provided by

different rating agencies (Berg, Kölbel, and Rigobon, 2019; Chatterji, Durand, Levine, and Touboul,

2016; Eccles and Stroehle, 2018; Gibson, Krueger, Riand, and Schmidt, 2019). Large divergence

between the rating providers has been reported in the different analyses and diverse origins of the dis-

crepancy are discussed, such as the extent of ESG disclosure at company level (Christensen, Serafeim,

and Sikochi, 2019), scope, measurement and weight divergence (Berg, Kölbel, and Rigobon, 2019),

country of origin of the rating provider (Gibson, Krueger, Riand, and Schmidt, 2019), and common

theorization and commensurability (Chatterji, Durand, Levine, and Touboul, 2016). Our approach

is novel in that we run the empirical analysis of ESG ratings not from the perspective of the rating

agency, but from an individual stock perspective. To our knowledge, no other study has decomposed

the ESG ratings into different constituents with the aim to capture what stock characteristics ESG

ratings are able to encode.

Second, our analysis of the stock market performance of different ESG baskets contributes to the

discussion on whether sustainability information is linked to risk and return measures. In a theoretical

setting, Heinkel, Kraus, and Zechner (2001) discuss that polluting firms carry greater systematic

risk. Albuquerque, Koskinen, and Zhang (2018) show both theoretically and empirically that firms

with high ES ratings are less exposed to systemic risks and they argue that this is driven by their

more loyal customer base and therefore less elastic product demand. Goldberg and Mouti (2019)

focus on downside risk and ESG ratings and find mixed evidence, while controlling for multiple

stock characteristics, such as realized historical volatility. At the same time, Dunn, Fitzgibbons, and

Pomorski (2019) empirically assess total and stock-specific risk indicators of different ESG profiles

and conclude that ESG ratings are negatively linked to levels of risk.

We also contribute to the extensive debate on ESG and corporate financial (stock market and op-

erational) performance (see for example two meta-studies on the topic by Margolis, Elfenbein, and

Walsh (2007) and Friede, Busch, and Bassen (2015)). With our setting, we are able to identify an

idiosyncratic component within the ESG rating that we find to be directly related to the short-term

stock performance in the crisis. This approach enables us to disentangle the specific demand-driven

stock price effect of highly rated ESG companies in the turmoil from other factors driving stock prices,

such as risk and sentiment.

A third, albeit smaller, strand of literature investigates the role of sustainability during significant

market turmoil. Different studies have revealed that both financial and non-financial companies with
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high ESG ratings have been more resilient in times of crises. Cornett, Erhemjamts, and Tehranian

(2016) show that U.S. banks’ financial performance during the Great Recession is positively related

to their ESG score and Lins, Servaes, and Tamayo (2017) report that U.S. non-financial firms with

high ES ratings had better financial performance than other firms during the same time. For the

2020 crash, Albuquerque, Koskinen, Yang, and Zhang (2020) also report a positive link between ESG

ratings and stock market performance. However, to our knowledge, no other study has discussed the

different drivers of the relationship between sustainability and financial performance and risk during

turmoil. Our study therefore significantly helps to identify and discuss different sources of ESG-related

stock market resilience.

Finally, we also contribute to the literature on the significance of ambiguity in asset markets. In

decomposing ESG scores, we propose looking at a dimension of uncertainty in equities not accounted

for by risk, namely the uncertainty of probabilities that make up risk, so-called ambiguity or Knightian

uncertainty (Chen and Epstein, 2002; Epstein and Schneider, 2010). Ambiguity is particularly relevant

to consider in the recent crash, as Brenner and Izhakian (2018) show that ambiguity in the equity

market is priced, and introducing it alongside risk provides stronger evidence on the role of risk in

explaining expected returns in equity markets. While previous studies of ambiguity have focused

mainly on the theoretical aspects of attitudes toward ambiguity, there is some recent advancement on

the empirical measurement of ambiguity, for example based on intraday data (Brenner and Izhakian,

2018), entropy of inflation (Ulrich, 2013), the volatility Index (VIX) (Williams, 2015), and option

implied ambiguity from the prices of put options (Driouchi, Trigeorgis, and So, 2018) or from the

dispersion of strike prices (Andreou, Kagkadis, Maio, and Philip, 2014). We define an empirical proxy

of stock ambiguity and establish a direct inverse relationship with sustainability, with more sustainable

stocks exhibiting less ambiguity.

The remainder of this paper is organized as follows. Section 2 describes the data used. The event

study of the crash-induced abnormal returns and their relation to sustainability is presented in Section

3, while the econometric decomposition of ESG scores is presented in Section 4. Section 5 presents

our experimental study on preferences for sustainable equity pre-crash and during the crash. Section

6 concludes.

2. Data and summary statistics

Equity space and fundamentals. Our sample includes the constituents of the U.S. equity index

S&P 1500. We essentially focus on this index as it covers a sample of companies with some variation in

market capitalization which allows us to draw conclusions on different types of companies. Moreover,

the index covers approximately 90% of the market capitalization of U.S. stocks and is thus fairly

representative of the U.S. equity market. We obtain quarterly accounting information on our sample

from Compustat Capital IQ. Daily stock prices, bid-ask spreads and trading volume are collected via

CRSP for the years 2017 to 2019 and from Compustat Capital IQ for 2020. Our analyses include the

relative bid-ask spreads, calculated as the bid-ask of stock i on day t spread divided by the midpoint

between ask and bid of stock i on day t, and the relative trading volume, calculated as total trading
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Table 2.1. Descriptive statistics. This table reports summary statistics for the variables used in
the regressions as of February 20th, 2020. BOOK MARKET is the book value of shareholder’s equity
divided by market value of equity, SIZE is the natural logarithm of the market capitalization, LEV is
total long-term debt divided by total assets, CASH is the share of cash divided by total assets, ROA
is the return on assets (net income divided by total assets), IDIOVOL is the idiosyncratic volatility
obtained through a regression on the Fama and French 5 Factors over the year 2019, VOL1Y is the
realized stock volatility in 2019, SPREAD is the bid ask spread divided by the midpoint between
ask and bid price, VOLUME is the total volume of shares traded divided by the shares outstanding,
Abs Volume is the absolute traded volume in thousands, SHARES is the number of shares outstanding
in thousands, MDD is the maximum drawdown calculated by stock in the crash period, ESG is the
average of the OWL and TVL rating, RETURN is the raw stock market return. DY represents dividend
yield, and PE stands for Price Earnings, both ratios are directly obtained via datastream.

MEAN p50 SD MIN MAX p5 p95 Skewness Kurtosis

BOOK MARKET 0.88 0.56 1.99 -2.48 45.75 0.01 2.46 16.62 359.37
SIZE 8.09 7.95 1.57 4.15 12.84 5.66 10.94 0.33 2.85
LEV 63.01 62.96 26.89 5.30 347.14 21.34 97.56 2.12 22.00
CASH 8.49 4.77 9.97 0.00 78.46 0.27 28.56 2.32 10.51
ROA 3.67 2.92 7.47 -51.57 42.10 -5.21 15.33 -0.65 14.46
IDIOVOL -4.42 -4.32 2.05 -13.68 9.80 -7.76 -1.29 0.33 8.06
VOL1Y 33.33 28.66 18.10 10.21 302.24 15.93 62.57 5.19 66.46
SPREAD 0.08 0.05 0.25 0.01 6.66 0.02 0.18 23.07 595.11
VOLUME 1.08 0.65 2.02 0.09 41.38 0.24 3.01 11.42 182.04
Abs VOLUME 2033 658 5101 9 73964 69 7532 7.4 74
SHARES 245235 80376 635300 3678 8733549 17040 887000 7.85 82.39
MDD 48.50 47.03 16.79 0.00 93.90 23.72 80.17 0.20 3.13
ESG 49.97 50.24 7.94 24.40 69.94 36.26 62.11 -0.32 2.94
RETURN 0.32 0.25 3.56 -45.49 65.50 -2.76 3.35 4.17 116.46
DY 1.92 1.51 2.05 0.00 14.69 0.00 5.46 1.72 8.04
PE 56.49 20.30 510.79 0.90 12692.50 7.50 97.60 24.26 600.20
IV 0.35 0.31 0.14 0.15 0.99 0.19 0.61 1.43 5.60

N 1460

volume of stock i on day t divided by the number of shares outstanding on day t. We complement our

data set with dividend yield and price/earnings ratios obtained via Datastream. The commonly used

daily Fama-French 5-factors for North America were accessed via the online platform by Kenneth R.

French.2 Table 2.1 presents summary statistics of all variables.

Implied volatilities. We match daily stock data with option data from the IvyDB US database

offered by OptionMetrics. We collect all implied volatility data for both put and call options for each

stock i on each day t as well as their trading volume. We then follow the approaches of Chen, Fengler,

Härdle, and Liu (2018) (see also Mayhew (1995)) and calculate for each stock i on each trading day

t its implied volatility IVi,t as the average of the implied volatilities of the available at-the-money

(ATM) put and call options on each trading day. Moneyness is defined as the ratio of the strike price

to the stock price, with ATM options exhibiting a strike price replicating the current spot price of the

underlying secutity, and thus a moneyness value lying between 0.95 and 1.05. Our proxy for moneyness

is the option implied delta, which for ATM moneyness is defined to be in the range [0.4, 0.6]. To ensure

2https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data library.html
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sufficient liquidity, all options of all time-to-maturities are included. For occasional missing ATM data

for a given day, we use linear interpolation to fill missing data and discard stocks with more than 10%

of missing daily implied volatilies for a given year. To generate the aggregate implied volatilities of

a basket of stocks, we use a simple average of all implied volatilities in this stock. Although equity

index implied volatility functions are known to be excessively skewed in comparison with implied

volatility at the single stock level (Fengler, Herwartz, and Werner, 2012), with baskets more biased in

over-the-money implied volatilities than single stocks combined, we choose a simple aggregation rule

for the purpose of this work as a proxy for ATM implied volatilities only, and argue that missing out

on some potentially important component of basket implied volatility, in particular out-of-the-money

put implied volatilities, does not affect our proxy in a significant way.

Sustainability Ratings. Our sustainability ratings are based on ESG scores of two rating providers,

OWL Analytics and TruValue Labs, both of which use a form of artificial intelligence to aggregate

relevant sustainability data from several sources. OWL Analytics consumes data from over 500 sources,

among them ESG research firms (both generalists and specialists), news and media outlets, non-

governmental organizations, government databases, unions and activist groups. Data are aggregated

to form ESG scores which are updated on a monthly basis and cover 12 primary categories that are

subdivided into environmental, social, and governance categories. The scores of each category are

aggregated into the main three scores E (for environment), S (for social), and G (for governance),

before being averaged into a single ESG metric, the ESG score, which ranges from 0, indicating lowest

possible rating, to 100, the highest possible rating. The OWL Analytics database covers over 25,000

public companies, which are identified by their ISIN, and their coverage starts in April 2009.

TruValue Labs (TVL), on the other hand, relies on public data only, mainly news, and filters the

data through the so-called “materiality map” to assess their ESG impact. Roughly, incidents found

in public data form a set of unstructured data, which is typically text-heavy semantic content not

organized in a predefined manner. TVL applies natural language processing (NLP) and artificial

intelligence (AI) to identify the meaning of the content, as well as the sentiment it represents. TVL

provides 26 indicators spanning the environmental, social, and governance categories but no separate

E, S, and G indicators. The 26 indicators are averaged to form four aggregate ESG score: (i) the

trailing 12-month volume, which contains the number of articles tagged to the 26 categories during the

past 12 months; (ii) the pulse score, which is the daily variation in response to news and has a range

from 0 to 100 like OWL; (iii) the insight score, which is the exponentially-weighted moving average

of the pulse score; (iv) the momentum, which is the slope of the insight score over the past twelve

months intended to identify companies with improving or deteriorating ESG. TVL data is provided

on a daily basis and covers a universe of over 16000 securities starting from January 1st 2008. The

names and descriptions of individual indicators used by OWL and TVL are listed in Appendix A.

The ESG score we use throughout this paper is defined for a given stock on a given month as the

average of the OWL ESG Score and the TVL Insight Score for that month, where the latter is smoothed

based on the daily pulse score. We will simply denote this aggregate score for stock i on month t

by ESGi,t. There are two main advantages for aggregating the scores of different ESG providers.
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First, recent research documents a significant disagreement between ESG scores across rating agencies

(Berg, Koelbel, and Rigobon, 2019; Brandon, Krüger, Riand, and Schmidt, 2019). While we have

initially carried out the main analyses of this paper for each of TVL and OWL separately and found

matching results, we argue that an average score can yield more consistent insights with regards to

sustainability. A similar methodology has also been promoted by Krüger, Sautner, and Starks (2018).

Second, since OWL and TVL use different sources, with OWL for instance including traditional ESG

rating providers which focus on analyst based fundamental analyses of stocks sustainability criteria,

and TVL focusing on semantic and textual analyses of public information, we argue that our aggregate

ESG score gives a more exhaustive view of what a sustainability score in the equity space encodes.

Throughout the paper, we will be analyzing different sets of stocks based on their ESG score. For

a given year, we rank stocks based on an exponentially weighted moving average (with smoothing

factor α = 0.5) of the monthly ESG scores over the 12 months of that year. Based on this yearly ESG

ranking, we divide firms into 5 quintiles (sometimes 10 deciles depending on the analysis), and study

average properties of these basekts of firms. For robustness, we tested our ranking methodology for

different windows, averaging methods, and smoothing factors, and found a large overlap (> 90%) in

the firms in each of the ranked baskets we consider. The summary statistics of the 5 ESG quintile

baskets we consider can be found in Table C in Appendix C.

3. Sustainability during The Corona Crash

We take the stock market crash induced by the Corona pandemic starting in February 2020 as an

external event to study the impact of high risk on the stock market performance of different ESG

baskets. We estimate abnormal returns following 20 February 2020 to answer the question if this

environment of unexpected high risk across stock markets has had an impact on the market equilib-

rium of our ESG baskets differently. Existing evidence on the relation between sustainability ratings

and stock market performance do not yield a consistent picture. A large literature exists on the

empirical assessment of ESG ratings and investment performance. Part of the existing studies puts

a focus on the relation between sustainability and financial performance at the portfolio level, con-

cluding that sustainable investment strategies result in equal or slightly better financial performance

(Derwall, Guenster, Bauer, and Koedijk, 2005; Edmans, 2011; Kempf and Osthoff, 2007). At the

fund level, Bauer, Koedijk, and Otten (2005) do not find return differences by comparing ethical and

conventional funds. Other analyses show a negative performance relation at the stock level, such as

Hong and Kacperczyk (2009) and Fabozzi, Ma, and Oliphant (2008) who report outperformance of

so-called sin stocks (publicly traded companies involved in producing alcohol, tobacco, and gaming).

Also at the stock level, Bolton and Kacperczyk (2019) report firms with higher CO2 emissions to earn

higher stock returns and argue that this result is driven by investors requesting compensation for risks

induced by low sustainability ratings. Two meta studies conclude that overall, a small positive rela-

tionship prevails between sustainability and financial performance (Margolis, Elfenbein, and Walsh,

2007; Friede, Busch, and Bassen, 2015). Another stream of literature studies the stock market impact

of specific sustainability-related events for example with regards to non-financial disclosure (Grewal,
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Riedl, and Serafeim, 2018), shareholder proposals (Flammer, 2015) or positive and negative corporate

social responsibility (CSR) news (Krüger, 2015). These studies mostly conclude that negative (posi-

tive) ESG/CSR related information is negatively (positively) absorbed by the market and results in

lower (higher) stock market returns in the short term.

However, the relation between stock price performance and ESG ratings during periods of turmoil has

received less attention. Lins, Servaes, and Tamayo (2017) argue that corporate social responsibility is a

proxy for a firm’s social capital and that the financial crisis led to an unexpected decline of public trust

in financial markets. The authors conclude that companies with high CSR ratings in the period before

the crash realize significantly higher stock returns in the financial crisis in 2008. In a related analysis

and based on TVL ratings, Cheema-Fox, LaPerla, Serafeim, and Wang (2020) study if investors value

a company’s human capital, supply chain and operating crisis response. Results indicate that both

institutional money flows and abnormal returns positively reflect companies’ supply chain and labor

practices. Another analysis of the stock market performance during the global financial crisis (2008-

2009) shows that certain characteristics of ESG ratings, such as corporate governance and product

quality, are strongly associated with abnormal returns during the crisis (Becchetti and Ciciretti, 2011).

To our knowledge, and at the time of writing, the only study analysing stock market performance

with regards to ESG ratings in the COVID-19 crash finds abnormal returns to be significantly related

to ESG measures based on two traditional ESG data providers (Asset4 and MSCI), in particular for

companies with large advertisement effort for their sustainability policies (Albuquerque, Koskinen,

Yang, and Zhang, 2020).

To date, the driving forces behind the relationship between stock market performance and ESG in

times of crises have not been fully disentangled. Different factors are expected to play a role. On one

hand, the fact that ESG has been found to be significantly associated with measures of risk at an

operational level is expected to contribute to the effect. On the other hand, a potential demand effect

driven by investors’ increasing concern about ESG topics could impact the short-term relationship

between sustainability and stock market performance during turmoil.

3.1. Event diagnostics. To motivate our hypotheses on the significance of sustainability during the

increased uncertainty of the market crash, we start by describing the ex-post relationship between

ESG scores and risk realized over the window of the event period. Figure 3.1 presents descriptive

risk diagnostics based on daily data from 1 January 2020 to 31 March 2020 plotted as a function of

ESG deciles. Graphs (A) to (D) analyze the downturn of the crash. Graph (A), which displays the

mean and median realized volatility plotted against ESG decile, indicates a clear inverse relationship

between realized volatility and ESG score, with higher rated firms experiencing less volatility during

the event period. Graph (B) shows the dispersion of realized daily volatiliy as a proxy for uncertainty

(see Section 4.1) plotted against ESG decile, and, although to a lesser degree, also displays this inverse

relationship. We also look at downside risk in terms of the maximum drawdown experienced by stocks,

that is the largest cumulative loss from peak to trough for a given time window (Chekhlov, Uryasev,

and Zabarankin, 2004; Heidorn, Kaiser, and Roder, 2009; Goldberg and Mahmoud, 2017). From

graph (C), which plots the mean and median maximum drawdown experienced by firms in given ESG
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Figure 3.1. Crash and recovery diagnostics based on ESG rankings. The Figure shows risk
diagnostics based on daily data from 1 January 2020 to 31 March 2020 plotted against our ESG deciles.
Figure (A) shows the mean and median realized event volatility per ESG decile; Figure (B) shows
the dispersion of realized daily volatiliy; Figure (C) shows the mean and median realized maximum
drawdown during the event per ESG decile; Figure (D) shows the mean price movement of firms in
the top and bottom ESG decile starting at the market peak; Figure (E) shows the mean and median
realized maximum drawup during the event per ESG decile; Figure (F) shows the mean price movement
of firms in the top and bottom ESG decile starting at the market rebound.

deciles, we see that maximum drawdown increases with lower ratings, with the difference between

the top and bottom deciles being approximately 7%, an economically significant loss difference within

such a short time span. Moreover, higher rated firms have outperformed lower rated firms during the
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downturn, as shown by Graph (D), which displays the mean price movement of firms in the top and

bottom ESG deciles after the market peak.

We also look at the recovery period, which started approximately on 18 March 2020, to examine

whether this inverse association during the downturn continues to hold during upward market move-

ment. Both of graph (E), which displays the mean and median realized maximum drawup — defined

as the maximum increase of the stock price from its running minimum — during the event per ESG

decile, and graph (F), which contains the mean price movement of firms in the top and bottom ESG

decile starting at the market rebound, indicate that the inverse association between risk and ESG did

not necessarily hold during the recovery period of the crash and was potentially reversed. With this

in mind, the event study to follow will distinguish between results based on downturn and recovery,

as well as over the entire event window.

3.2. Econometric approach. Our null hypothesis states that abnormal returns following the stock

market crash do not significantly relate to ESG ratings. The alternative hypothesis is based on the

expected relationship between risk and ESG ratings, implying that superior ESG performance can be

related to some resilience in times of market crises. The alternative hypothesis also rests on the fact

that investors increasingly value sustainability in general and that the Google Trends analysis shows

that the terminology “ESG” increasingly caught the attention of investors starting in mid-January

with a peak in mid-February (recall Figure 1.1).

To estimate each firm’s alpha and beta(s), we run a regression based on daily price returns in excess

of the risk free rate for 250 business days (our estimation window) on a constant and the daily U.S.

market excess return (for the CAPM-adjusted returns), and the Fama-French 5-factor model (Fama

and French, 2015), respectively.

The market excess return used for the CAPM-adjusted returns is the value-weighted market portfolio

return, with the market given by the Russell 2000 index, in excess of the risk-free rate, given by

the U.S. one-month T-bill rate. The estimation window of 250 trading days (from 22 February 2019

through 12 February 2020) ends five trading days before the start of the crash, which we define as

20 February 2020. To ensure the predictive power of our estimates, we compute abnormal returns

only for stocks with at least 150 daily observations in the estimation period. We compute CAPM-

and Fama French-adjusted abnormal returns as the daily excess return on the stock minus the stock’s

alpha minus beta times the factors in the crash period (see equation 3.1). We define the event window

as the 33-trading-day period starting 5 days before our event day, 12 February 2020, and ending 31

March 2020.

For each company i and each day t in the event window, we calculate the daily abnormal return ARi,t

as the difference of the actual return of the company Ri,t and its expected return that we estimate

in market regressions with both the widely accepted Fama-French risk factor model as well as risk-

adjusted returns relative to the market-risk factor, based on the capital asset pricing model (CAPM).
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Daily abnormal returns are thsu defined by

(3.1) ARi,t = Ri,t − ai,t −
N∑
n=1

βnFactorn .

We cumulate abnormal returns CARi[θ0, θ1] for a given period [θ0, θ1] as the sum of the company-

specific abnormal returns estimated above, that is

(3.2) CARi[θ0, θ1] =

θ1∑
t=θ0

ARi,t

Based on empirical diagnostics of the market return, we identify the bottom of the crash as 18 March

20203 and therefore divide the event period in two sub-periods:

• Overall: 20 February 2020 – 31 March 2020, for CARi[0, 29]

• Crash: 20 February 2020 – 18 March 2020, for CARi[0, 18]

• Rebound: 18 March 2020 – 31 March 2020, for CARi[19, 28]

3.3. (Abnormal) returns in the crash period. Figure 3.2 plots cumulative abnormal returns over

the whole crash period for five ESG quintiles based on the (OWL-TVL) ESG score, as well as for

stocks in the sample that are not covered by the rating agencies. The chart indicates that stocks in the

top ESG quintile experience lower abnormal returns during the crash, while the lowest rated quintile

and the companies without rating show the largest drop in returns. This finding is consistent for

cumulative raw returns and CAPM-adjusted returns. The picture looks not as clear for Fama-French

adjusted returns, where the second quintile performs best between days 12 and 20 after the start of

the crash, but then drops again, resulting in average cumulative abnormal returns overall.

Table 3.1 displays the size and significance of the cumulative abnormal returns (CAR) for the overall

time period as well as the two sub-periods representing crash and rebound separately. We furthermore

report CARs for the five quintiles of ESG score (rows (2)-(6)), with ESG Q5 representing the category

with the lowest ESG scores, and ESG Q1 with the highest, respectively. Results for all three types

of return measures show that abnormal returns in the overall period, as well as in the specific crash

period before the turnaround, are largest for better rated ESG categories. For all three cumulative

abnormal return measures, the best ESG quintile performs best, with the lowest negative abnormal

return in the crash (raw returns and CAPM-adjusted) and the highest abnormal Fama-French-adjusted

returns, respectively. When it comes to raw and CAPM-adjusted returns, the difference between the

best and the worst category sums to roughly 10 percentage points on average during the crash period

and before rebound [0, 18]. After the adjustment of the returns for Fama-French risk factors, the

difference amounts to 1.6 percentage points.

We importantly note, however, that the pattern of the return distribution among ESG quintiles is less

straightforward after the turnaround, that is following 18 March 2020. Looking at raw returns, the

3This could be partially driven by the fact that this was the date when President Trump signed the second Coronavirus
Emergency Aid Package.
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Figure 3.2. Cumulative abnormal returns during the event period. This graph shows for
each day in the crash period the relative performance of the five ESG quintiles and the category without
ESG scores as the coefficients of a regression of the cumulative (abnormal) returns in the event window
on the ESG quintile dummies.

lowest ESG category seems to catch up best with a cumulative return of 8.016 percentage points, while

for the risk-adjusted return measures the two top ESG quintiles show the largest levels of cumulative

abnormal returns during rebound.

3.4. Drivers of performance during crash. We next investigate if the effects found in Table 3.1

and Figure 3.2 are indeed related to levels of sustainability once we control for firm characteristics
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Table 3.1. Cumulative Abnormal Returns (CAR) in the event period. The table shows
average levels of cumulative abnormal returns across the three periods defined (Overall, Crash and
Rebound), for the whole sample (1), the category of companies which are not rated by the aggregate
TVL/OWL ESG rating (8), and the five ESG quintiles (2)-(7), with ESG Q5 representing the category
with the lowest ESG scores, and ESG Q1 the category with the best ESG scores. We display cumulative
raw returns (CUM RAW), CAPM-adjusted returns (CAR CAPM) and Fama French Five Factor-
adjusted returns (CAR FF). Significance levels are based on robust standard errors.

Overall No Rating ESG Q5 ESG Q4 ESG Q3 ESG Q2 ESG Q1

CUM RAW [0; +29] -33.018*** -40.299*** -34.940*** -35.703*** -33.147*** -30.508*** -27.504***
(-45.291) (-14.329) (-20.684) (-21.610) (-15.238) (2.346) (-21.823)

Observations 1444 119 265 265 264 265 266

CAR CAPM [0; +29] -9.371*** -15.611*** -11.450*** -12.237*** -9.731*** -7.145*** -3.500**
(-12.251) (-5.615) (-6.422) (-6.875) (-4.257) (-4.864) (-2.537)

Observations 1445 119 265 266 264 265 266

CAR FF [0; +29] 0.549** -0.290 -0.097 0.088 0.587 1.260** 1.282***
(2.256) (-0.266) (-0.153) (0.156) (1.030) (2.391) (2.900)

Observations 1445 119 265 266 264 265 266

CUM RAW (−) [0; +18] -39.335*** -46.523*** -42.956*** -40.878*** -39.519*** -37.480*** -32.606***
(-46.799) (-14.853) (-21.365) (-22.749) (-15.390) (-22.300) (-22.589)

Observations 1446 120 265 266 264 265 266

CAR CAPM (−) [0; +18] -10.156*** -17.794*** -13.523*** -10.874*** -10.206*** -8.351*** -4.413***
(-12.315) (-5.818) (-6.893) (-6.267) (-3.959) (-5.015) (-3.235)

Observations 1445 119 265 266 264 265 266

CAR FF (−) [0; +18] 2.500*** -6.662* 1.906 4.843** 2.950 3.452* 3.453**
(2.657) (-1.726) (0.904) (2.485) (1.032) (1.675) (2.143)

Observations 1445 119 265 266 264 265 266

CUM RAW (+) [19; +29] 6.326*** 6.276** 8.016*** 5.194*** 6.372*** 6.973*** 5.103***
(13.951) (2.600) (7.735) (5.264) (5.680) (7.452) (5.877)

Observations 1444 119 265 265 264 265 266

CAR CAPM (+) [19; +29] 0.786 2.183 2.073* -1.367 0.474 1.206 0.913
(1.555) (0.820) (1.838) (-1.172) (0.385) (1.133) (0.977)

Observations 1444 119 265 265 264 265 266

CAR FF (+) [19; +29] 2.526*** 2.094 3.694*** 1.388 2.743** 3.378*** 1.627*
(5.628) (0.863) (3.601) (1.404) (2.482) (3.686) (1.923)

Observations 1444 119 265 265 264 265 266

t statistics in parentheses
* p<0.10, ** p<0.05, *** p<0.010
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and idiosyncratic risk. We estimate different regression models of cumulative abnormal stock returns

during the crash period as a function of year-end 2019 ESG ratings and different firm-specific control

variables. We again differentiate amongst the two sub-periods, crash and rebound. The dependent

variables in columns (1) and (2) represent cumulative raw returns, columns (3) and (4) display results

using abnormal returns based on the market model, and abnormal returns in columns (5) and (6) are

estimated using the Fama-French 5-Factor model.

We account for control variables that have been found to relate to (abnormal) performance and/or ESG

ratings in other event studies (Ramelli and Wagner, 2020; Lins, Servaes, and Tamayo, 2017; Becchetti

and Ciciretti, 2011), cluster standard errors at the company level and use sector fixed effects. Sector

fixed effects are important because certain industries have been found to being hit harder by the effect

of the pandemic (Schoenfeld, 2020). Particularly size (market capitalization – SIZE ) and company

valuation (book to market – BOOK MARKET ) are expected to be major drivers of ESG ratings

(Drempetic, Klein, and Zwergel, 2019; Artiach, Lee, Nelson, and Walker, 2010). Furthermore, the

state of financial health of a company before the crash needs to be considered, and so we account for

cash holdings (cash holdings divided by total assets – CASH), leverage (debt divided by total assets

– LEV), and profitability (return on assets – ROA) as measures of financial health (Lins, Servaes,

and Tamayo, 2017; Duchin, Ozbas, and Sensoy, 2010; Harford, Klasa, and Maxwell, 2014; Kim, Li,

and Li, 2014). Acharya and Steffen (2020) for example show that companies with access to liquidity,

either through cash or lines of credit, perform better during the first quarter of 2020. Ramelli and

Wagner (2020) confirm this finding by showing that, especially in the period between end of February

and beginning of March, stocks with high cash ratios and low leverage are able to deliver higher

abnormal returns. All firm characteristics are based on the latest available 2019 end of the year data,

depending on the fiscal-year of the companies. We also control for idiosyncratic risk representing the

residual variance based on the Fama-French 5-Factor model to capture the notion that realized stock

price volatility also affects stock market returns (Lins, Servaes, and Tamayo, 2017). Idiosyncratic risk

has also been found to be lower for high sustainability ranked companies (Dunn, Fitzgibbons, and

Pomorski, 2019; Gougler and Utz, 2020).

We therefore estimate the following model for each stock i in our sample:

CARi = ai,t + β1,i ESGi, t− 1 + β2,i SIZEi, t− 1 + β3,i CASHi, t− 1 + β4,i BOOK MARKETi, t− 1

+β5,i LEVi, t− 1 + β6,i ROAi, t− 1 + β7,i IDIOVOLi, t− 1 + εi,t ,

(3.3)

where CARi is the cumulative abnormal return of stock i, ESGi,t is the (OWL-TVL average) ESG

score of firm i for the previous month t − 1, SIZEi,t−1 is lagged firm size, CASHi,t−1 is the lagged

cash ratio, BOOK/MARKETi,t−1 is the lagged book-to-market ratio, LEVi,t−1 is the lagged leverage,

ROAi,t−1 is lagged return on assets and IDIOVOLi,t−1 is lagged idiosyncratic volatility.

The coefficient of our measure of interest for the variable ESG is strongly significant for the overall

period in columns (1), (3), and (5) as well as for the period of specific downturn in columns (2),

(4), and (6), for both raw returns and the two models of abnormal return calculation. These results
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Table 3.2. Regression of CAR and ESG. This table presents regression estimates of returns on
one period lagged ESG scores and one period lagged control variables in the crash period. Crisis-period
returns are displayed both as raw price-based returns and as abnormal returns (CAPM and FF) over
the overall period between 20 February 2020 and 31 March 2020 and in the sub-period of downturn
only until 18 March 2020, indicated by a (−). The dependent variable in column (3) indicates the
maximum drawdown of stock i in the crash period. Column (4) shows the results of a regression with
the mean volume of stock i (volume relative to shares outstanding) in the crash period as dependent

variable.

RAW CAPM Fama-French 5

RAW RAW(−) CAR CAR(−) CAR CAR(−) MDD VOL(−)

ESG 0.282*** 0.356*** 0.293*** 0.322*** 0.094*** 0.242** -0.116** -0.020***
(2.817) (3.196) (2.879) (3.040) (2.758) (2.080) (-2.061) (-4.427)

SIZE 1.794*** 3.037*** 1.891*** 1.494** 0.033 -0.170 -2.621*** -0.023
(3.234) (4.795) (3.358) (2.414) (0.195) (-0.253) (-8.496) (-0.969)

CASH 0.455*** 0.344*** 0.377*** 0.437*** 0.116*** 0.500*** -0.256*** -0.004
(7.099) (4.584) (5.791) (5.991) (4.558) (5.619) (-5.779) (-1.318)

B/M -0.538 -0.173 -0.673* -0.293 -0.160* -0.080 0.038 0.024
(-1.306) (-0.301) (-1.798) (-0.500) (-1.674) (-0.135) (0.158) (0.604)

LEV -0.153*** -0.171*** -0.155*** -0.167*** -0.017 -0.159*** 0.113*** 0.009***
(-3.273) (-3.330) (-3.259) (-3.410) (-1.108) (-3.157) (4.349) (6.140)

ROA 0.226 0.255 0.205 -0.095 -0.017 -0.705* -0.521*** -0.024***
(0.668) (0.679) (0.590) (-0.249) (-0.305) (-1.740) (-7.508) (-3.978)

IDIOVOL 0.026 0.122 -0.956** -1.140** -0.329** -2.342*** -0.374 -0.139***
(0.058) (0.259) (-2.147) (-2.329) (-2.152) (-3.789) (-1.616) (-5.766)

β0 -55.476*** -74.104*** -26.796*** -27.107*** -5.692** -10.812 71.642*** 1.753***
(-7.995) (-9.437) (-3.798) (-3.596) (-2.453) (-1.321) (18.562) (6.218)

Sector FE Yes Yes Yes Yes Yes Yes Yes Yes
N 1169 1169 1169 1169 1169 1169 1169 1165
R-squared 0.076 0.067 0.071 0.057 0.033 0.075 0.207 0.115
F-statistic 15.999 11.170 14.942 13.052 7.278 14.177 42.183 12.689

t statistics in parentheses
* p<0.10, ** p<0.05, *** p<0.010

confirm the hypothesis that strong ESG performers show higher abnormal returns in the downturn.

The economic significance of the effect is large with an effect of an increase in the ESG score of one

standard deviation (7.94, recall table 2.1) resulting in an increase in cumulative raw returns of 2.25

percentage points (7.94 × 0.282). With an average cumulative raw return of −33% over the total

sample, an effect of more than 2 percentage points can be considered as significant. The economic
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Table 3.3. Regression of CAR and ESG during market rebound. This table presents
regression estimates of returns on one period lagged ESG score and one period lagged control variables
in the rebound period. Returns are displayed both as raw price-based returns and as abnormal returns
(CAPM and FF) in the period between 18 March 2020 and 31 March 2020. The dependent variable in
column (4) indicates the maximum drawup by stock i in the rebound period. Column (5) shows the
results of a regression with the mean volume by stock i (volume relative to shares outstanding) in the
rebound period as dependent variable.

RAW CAPM Fama-French 5

RAW(+) CAR(+) CAR(+) Drawup VOL(+)

ESG -0.069 -0.033 -0.038 -0.262** -0.025***
(-1.156) (-0.494) (-0.649) (-2.504) (-4.374)

SIZE -1.200*** 0.425 -0.917*** -3.904*** -0.080**
(-3.892) (1.216) (-2.990) (-7.426) (-2.304)

CASH 0.115** -0.053 0.006 -0.210*** -0.012***
(2.538) (-0.987) (0.137) (-2.800) (-2.786)

BOOK/MARKET -0.373 -0.394 -0.378 -0.117 0.016
(-1.615) (-1.162) (-1.577) (-0.370) (0.482)

LEV 0.017 0.011 0.030 0.211*** 0.016***
(0.831) (0.448) (1.500) (4.764) (5.640)

ROA -0.022 0.310*** 0.021 -0.622*** -0.018***
(-0.325) (3.771) (0.323) (-5.314) (-2.988)

IDIOVOL -0.094 0.167 -0.534* -1.366*** -0.146***
(-0.307) (0.425) (-1.728) (-3.168) (-4.881)

β0 17.947*** 0.099 8.330** 80.557*** 2.364***
(4.567) (0.022) (2.136) (11.850) (6.120)

Sector FE Yes Yes Yes Yes Yes
Observations N 1152 1152 1152 1162 1148
R-squared 0.022 0.023 0.013 0.123 0.109
F-statistic 5.306 3.377 2.289

t statistics in parentheses
* p<0.10, ** p<0.05, *** p<0.010

significance also prevails for CAPM-adjusted returns, while the magnitude of the effect for Fama-

French-adjusted returns is stronger in the period of the real crash ((−)) with a coefficient of 0.242.4

Column (6) displays the results of the same regression based on equation 3.3 by using maximum

drawdown by stock i in the crash period. Results show that companies with higher ESG ratings

experience significantly lower levels of maximum drawdown.

4We also run the same estimation using dummies for the quintiles of the ESG scores and find the effect to be particularly
driven by the best ESG category.
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Due to the hypothesized increased sentiment for sustainability during the crash, as for example indi-

cated by the google trends evolution for the search term ”ESG”, we also analyze the relative trading

volume for the crash period (column 8). Average relative trading volume increased in the crash period,

and recent results by Albuquerque, Koskinen, Yang, and Zhang (2020) indicate that trading volume

gained more for stocks with high ES (environmental and social) ratings, using ESG data from Asset4

and MSCI. Table 3.2 shows the results of a regression with the control variables defined in equation

3.3 and the mean relative trading volume by stock as dependent variable. The negative coefficient for

our variable of interest ESG indicates that trading volume was significantly lower for companies with

higher ESG ratings. This finding can be interpreted as evidence for a more pronounced disposition

effect for ESG stocks, namely that investors keep stocks even tough they have dropped in value, con-

firming previous work by van Dooren and Galema (2018) on socially responsible stocks. By running

the analysis using the quintiles of ESG ratings instead of the overall ESG score, we find the negative

relation to prevail for the two best ESG quintiles (results available on request).5

We next investigate cumulative abnormal returns, average drawup, and average trading volumes

during the rebound period following 18 March 2020. We proceed by using equation 3.3 with the

dependent variable representing cumulative abnormal returns in the second-half of March 2020. The

coefficient for the variable ESG in column (5) displays that average trading volume is also significantly

lower for highly rated ESG companies in the rebound period. However, we also observe that abnormal

returns are (insignificantly) negatively associated with levels of ESG ratings. The maximum level of

drawup points in the same direction by being slightly significantly related to ESG ratings.

As expected, measures of financial health, cash, and leverage are associated with abnormal returns

during the crash. Our findings confirm results by (Ramelli and Wagner, 2020) in the period they

call “Fever”, in that an increase in leverage and a decrease in cash holding is associated with lower

abnormal returns. This indicates that investors prefer to choose a less risky investment strategy by

focusing on less indebted companies in the crisis. In contradiction with the results found by Ramelli

and Wagner (2020) but confirming Albuquerque, Koskinen, Yang, and Zhang (2020), we find market

capitalization to be positively related to abnormal returns, indicating that larger companies have

better means to deal with the economic downturn. Lagged profitability (ROA) does not represent

a significant predictor of stock returns during the crisis. Results in this section thus indicate that

ESG ratings play an important role when it comes to stock resilience in periods of extreme risk and

uncertainty after controlling for fundamentals and idiosyncratic volatility.

Overall, stock price resilience seems to be linked to ESG performance. That said, our analysis has

thus far not identified possible reasons driving this relationship. Stock market resilience does not

necessarily imply that the respective companies have better prospects to overcome the crisis, unless

stock prices fully reflect investor expectations on future firm performance. Albuquerque, Koskinen,

and Zhang (2018) for example show that firms with high ES ratings are less exposed to systemic

risks, while the authors argue that this effect is driven by the more loyal customer base resulting in a

5An explanation of the divergence of our results from (Albuquerque, Koskinen, Yang, and Zhang, 2020) is that we
analyze relative volumes rather than absolute volumes traded.
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less elastic product demand. The study finds companies with higher levels of ES ratings to be more

resilient to aggregate shocks in that their changes in levels of ROA are less related to GDP growth.

Lins, Servaes, and Tamayo (2017) also show that highly rated ESG companies perform better during

the financial crisis when it comes to profitability, growth, and sales. This assessment would imply that

highly rated ESG stocks are better able to cope with the crash and manage to earn higher income

due to their strong customer base keeping demand levels comparably high.

To assess if highly rated ESG stocks also outperform in the first quarter of 2020 with a successful

operational return performance (namely ROA), we run our regression using the control variables

introduced in equation 3.3 with corporate financial performance as the dependent variable. We use

both the reported ROA (1) in the first quarter of 2020, as well as absolute (2) and relative (3)

differences between levels of ROA in Q1 2020 versus Q4 2019 calculated as follows:

(3.4) rel ∆ ROA i, t = (ROAi,2020 −ROAi,2019)/ROAi,2019

Our sample shrinks to between 640 and 749 companies as, at the time of writing, not all stocks in our

database have started to release their quarterly reporting on CAPITAL IQ.

Results are reported in Table 3.4 and show that the operating performance of the companies in our

sample is in Q1 2020 not significantly related to levels of ESG. Absolute ROA 2020 is slightly positively

linked to ESG measures, however, only as long as we do not control for other company fundamentals.

This finding indicates that the positive abnormal returns of ESG stocks in the period of crash are not

a valid sign of company short-term resilience to the crash from an operational return perspective.

4. The Anatomy of Sustainability Scores

Why did higher rated ESG firms exhibit more resilience during the recent crash? To be able to answer

this question, we argue that it is crucial to understand the type of market-relevant information that

ESG scores encode.

In the event study of Section 3, we did not control for variables capturing risk, uncertainty and

investor sentiment associated with stocks even though such measures carry important information.

The realized volatility in the form of the standard deviation of the lagged stock returns has been

found to be predictive of stock resilience during market downturns (Wang, Meric, Liu, and Meric,

2009). Furthermore, Borochin and Zhao (2019a) show that measures of uncertainty, mostly based

on the standard deviation of the volatility premium or of implied volatilities, are associated with

stock returns in general. As existing research does not clearly establish the relationship between

sustainability and risk and uncertainty, we cannot make a clear prediction on what aspects of these

measures are captured within the ESG variable. On one hand, findings by Dunn, Fitzgibbons, and

Pomorski (2019) indicate that higher ESG scores are associated with lower levels of both idiosyncratic

and overall risk, Albuquerque, Koskinen, and Zhang (2018) show that firms with high environmental

and social ratings are less exposed to systemic risks, and Kim, Li, and Li (2014) show that companies’

CSR performance is negatively related to future stock price crash risk. On the other hand, Goldberg
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Table 3.4. Regression of operational performance and ESG. This table presents estimates
of a regression with operational performance in Q1 2020 as dependent variable on ESG (and control
variables). Operational performance is estimated as ROA in Q1 2020 ((1) and (2)), drop in ROA
between Q4 2019 and Q1 2020 ((3) and (4)) and relative drop in ROA as specified in equation 3.4
between Q4 2019 and Q1 2020 ((5) and (6)).

ROA 2020 ROA 2020 ∆ ROA ∆ ROA rel ∆ ROA rel ∆ ROA

ESG 0.042** 0.020 -0.036 -0.021 -0.779 -1.206
(2.057) (0.881) (-1.392) (-0.676) (-0.810) (-1.064)

SIZE 0.261* -0.258 8.721
(1.810) (-1.328) (0.598)

CASH 0.148*** -0.033 -1.647
(5.235) (-0.941) (-0.966)

BOOK/MARKET -0.126 -0.026 1.839
(-1.017) (-0.447) (0.398)

LEV 0.022* 0.007 -1.565
(1.699) (0.299) (-1.158)

IDIOVOL 0.071 0.167 -13.323**
(0.504) (1.097) (-2.041)

β0 -0.450 -3.548** -1.120 0.700 -29.523 -28.609
(-0.405) (-2.263) (-0.835) (0.336) (-0.638) (-0.336)

Sector FE Yes Yes Yes Yes Yes Yes
Observations N 749 640 745 640 745 640
R-squared 0.004 0.078 0.002 0.008 0.000 0.016
F-statistic 4.233 7.435 1.939 1.031 0.657 0.797

t statistics in parentheses
* p<0.10, ** p<0.05, *** p<0.010

and Mouti (2019) do not find a predictive relationship between ESG and downside risk as measured

by maximum drawdown.

In this section, we empirically derive a decomposition of ESG scores based on three indicators captur-

ing firm risk and uncertainty, market sentiment, and an idiosyncratic sustainability component. We

then revisit the event study of Section 3 in light of these explanatory factors and show that all three

ESG components are related to resilience during the crash.

4.1. Risk and ambiguity diagnostics. To motivate the pertinence of considering risk as an ex-

planatory variable for sustainability, we start by examining the historical relationship between ESG

scores and measures of risk and ambiguity. Our analysis is based on our sample of S&P 1500 firms

over the period January 2017 through June 2019. We divide our stock sample into deciles based on ex
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post aggregate ESG scores for the given year and calculate the mean, median, and standard deviation

of various risk measures over the sample period for each of the decile firm baskets. Risk measures we

consider include the first three moments of the return distributions (volatility, skewness, and kurtosis),

idiosyncratic volatility, as well as measures of downside risk, serial correlation, implied volatility, and

a proxy for ambiguity.

Downside risk is especially relevant to account for in the context of stock market crashes, as it captures

financial risk associated with losses, or the uncertainty about the magnitude of the difference of the

actual return being below the expected return. As measures of downside risk we consider expected

shortfall and maximum drawdown. The expected shortfall (ES) at the 5% level which we consider is

the expected return in the worst 5% cases. ES is an alternative to Value-at-Risk, which is traditionally

used for regulatory reporting, that is more sensitive to the shape of the tail of the loss distribution by

giving an average of the worst losses to be expected. We calculate ES for each firm non-parametrically

by taking the mean of the 5% worst realized historical losses of the daily returns distribution over the

sample period. Maximum drawdown (MDD), on the other hand, is a path-dependent risk metric that

measures the largest cumulative loss from peak to trough over a fixed period [0, τ ]. Letting Pi denote

the i-th stock price, its maximum drawdown is given by MDDi = supt∈[0,τ ] sups∈[t,τ ](Ps−Pt)/Pt. For

each stock, we calculate its realized MDD based on daily prices over the entire sample period. Note

that drawdown measures the degree to which losses are sustained, as small but persistent cumulative

losses may still lead to large drops in portfolio net asset value. Since an increase in serial correlation

can lead to increases in drawdown risk during financial downturns (Goldberg and Mahmoud, 2017),

we also estimate for each firm over the entire sample period its autocorrelation coefficient with an

autoregressive AR(1) model rt = κrt−1 + εt by calibrating the model parameters to daily time series

of returns to each stock.

We also propose looking at a dimension of uncertainty in equities not accounted for by risk, namely

the uncertainty of probabilities that make up risk, so-called ambiguity or Knightian uncertainty (Chen

and Epstein, 2002; Epstein and Schneider, 2010). Risk in equity markets means that future returns

are realized with known probabilities, while ambiguity refers to situations where the probabilities

associated with these realizations are not known or not uniquely assigned. Ambiguity is particularly

relevant to consider in the recent crash, as Brenner and Izhakian (2018) show that ambiguity in the

equity market is priced, and introducing it alongside risk provides stronger evidence on the role of risk

in explaining expected returns in equity markets. While previous studies of ambiguity have focused

mainly on the theoretical aspects of attitudes toward ambiguity, there is some recent advancement on

the empirical measurement of ambiguity, for example based on intraday data (Brenner and Izhakian,

2018), entropy of inflation (Ulrich, 2013), the volatility Index (VIX) (Williams, 2015), and option

implied ambiguity from the prices of put options (Driouchi, Trigeorgis, and So, 2018) or from the

dispersion of strike prices (Andreou, Kagkadis, Maio, and Philip, 2014). The variable we use in this

paper as a proxy for ambiguity is based on the theoretically derived measure of Brenner and Izhakian

(2018), which is defined as expected volatility of probabilities across the relevant outcomes. This

measure of ambiguity can also be technically represented as a nonlinear aggregate of the variance of
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the mean, the variance of the variance, and the variances of all other higher probability moments. The

advantage of using this measure is that it depends only on the probabilities of outcomes, regardless

of their magnitude, and can be approximated directly from daily returns. Our proxy for market

ambiguity will thus be calculated as the standard deviation of the variance of daily returns.

Since we are also interested in measuring forward looking risk and ambiguity attitudes, we use option

implied volatility data, with risk attitudes proxied by option implied volatilities and ambiguity proxied

by its standard deviation. This option-implied ambiguity measure has been shown to be predictive of

the cross-section of one-month-ahead stock returns (Borochin and Zhao, 2019b), and its explanatory

power is not subsumed by the levels of the measures themselves, by common risk factors, or by

firm characteristics. Furthermore, standard deviations of option-implied risk attitudes measure the

variability in investor expectations, and have explanatory power for the cross-section of equity returns

consistent with prior theory about the relationship of returns and heterogeneous beliefs (Miller, 1977).

Option-implied ambguity can thereby be interpreted as a forward-looking proxy for belief heterogeneity

(Harrison and Kreps, 1978) and thus complements the ambiguity measure based on the standard

deviation of realized volatilities.

Figure 4.1 shows descriptive ex-post diagnostics for each of the considered risk metrics. For each ESG

decile, decile 1 containing the highest rated firms, we calculate the given risk metric for each of the

firms in that decile based on daily data over the sample period from January 2017 to June 2019.

We then obtain for each decile a distribution of risk estimates, one estimate per firm. The average

of each of these distributions for each risk metric against each decile is what the plots of Figure

4.1 display, along with 95% confidence intervals. For all but two of the nine measures we consider

(namely skewness and kurtosis), a clear pattern emerges: highest rated ESG stocks (deciles 1 through

3) have in the past on average exhibited less risk ex post than the lowest rated ESG stocks (deciles

8 through 10), while mid-range stocks display a less clear-cut ordering and contain more noise. The

same pattern is visible when analyzing the standard deviation of the distributions of the three risk

measures volatility, expected shortfall and maximum drawdown, as shown in Figure 4.2, which we

interpret as increasing ambiguity for lower rated ESG firms.

4.2. Decomposing ESG: econometric approach. Our null hypothesis is that sustainability scores

are not driven by firm risk or market sentiment. This null hypothesis embeds the view that sustain-

ability is based on fundamental financials that reflect characteristics intrinsic to each firm. The

alternative hypothesis is that sustainability ratings are driven by market risk, investors’ risk attitude

and sentiment. This is motivated by the findings that sustainable stocks tend to overperform in bear

markets and that various risk measures and ESG ratings are correlated (Heinkel, Kraus, and Zechner,

2001; Albuquerque, Koskinen, and Zhang, 2018; Gougler and Utz, 2020).

To estimate the impact of risk and sentiment on ESG ratings, we carry out two regression analyses,

the first controlling for financial fundamentals, and the second testing the predictive power of risk

and sentiment. This two-step regression methodology is often applied to first test models using one

set of standard or obvious variables, and then to test another model of different variables to predict
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Figure 4.1. Descriptive diagnostics of risk measures versus ESG score. For each of the nine
risk measures (volatility, skewness, kurtosis, expected shortfall, maximum drawdown, autocorrelation
koefficient kappa, implied volatility, ambiguity, and idiosyncratic volatility) calculated based on daily
data over the sample period from January 2017 to June 2019, the plots display the mean of the
distribution of the given risk measure calculated for each S&P 1500 listed stock in the given ESG
decile, decile 1 containing the highest rated firms. Error bars represent a 95% confidence interval.

Figure 4.2. Descriptive diagnostics of ambiguity versus ESG score. For each of volatility,
expected shortfall, and maximum drawdown, calculated based on daily data over the sample period
from January 2017 to June 2019, the plots display the standard deviation of the distribution of the
given risk measure calculated for each S&P 1500 listed stock in the given ESG decile, decile 1 containing
the highest rated firms.
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what the first model could not, referred to as residual prediction (see e.g. Edmans, Garcia, and Norli

(2007) for a similar approach).

The goal of our first regression is thus to control for all fundamental financial factors intrinsic to firm

quality and relevant to the qualitative nature of ESG ratings. Under the null hypothesis, market risk,

risk attitude and investor sentiment are uncorrelated with ESG ratings. This in turn implies that the

effects of risk and sentiment should be consistently estimated with any explanatory model of ESG

ratings, even one that is completely misspecified. This follows from the fact that omitted variables

do not bias coefficient estimates in a regression when the omitted variable is independent of other

regressors. With this in mind, the second regression estimates the effect of risk and sentiment on the

residuals of the first regression. Regression (4.1), defined below, can be thought of as controlling for

factors intrinsic to the firm, whereas Regression (4.2) accounts for risk and sentiment factors external

to the firm in the sense that they are driven by investors and the market.

More formally, we first estimate the following model for each firm i in our sample:

ESGi,t = γ0,i + γ1,i SIZEi,t + γ2,i IDIOVOLi,t + γ3,i ROAi,t + γ4,i CASHi,t + γ5,i LEVi,t

+ γ6,i BOOK/MARKETi,t + γ7,i SECTORi + γ8,i FIRMi + γ9,i MONTHi,t + εi,t , (4.1)

This model specification is motivated by previous studies of the association between fundamental

financial variables and sustainability criteria (Ramelli and Wagner, 2020; Lins, Servaes, and Tamayo,

2017; Becchetti and Ciciretti, 2011). Here, ESGi,t is the (OWL-TVL average) ESG score of firm i for

month t, SIZEi,t is firm size, IDIOVOLi,t is idiosyncratic volatility, ROAi,t is return on assets, CASHi,t

is the cash ratio, LEVi,t is leverage, BOOK/MARKETi,t is the book-to-market ratio, and SECTORi,t,

FIRMi,t, and MONTHi,t are categorical variables for sector, firm, and month fixed effects, respectively.

Monthly ESG data and firm characteristics over the period January 2017 through June 2019 are

merged to form our data set. Although most fundamental and ESG data was available to us until at

least the end of 2019, option implied volatilities were, at the time of writing, only available for the first

half of 2019. Moreover, we loose many firms in our sample by matching all available variables for each

date and stock, with stocks in the years leading up to our start date of the analysis, January 2017,

containing only about a third of the initial S&P 1500 sample with a large bias in firm size. These are

the main reasons leading us to restrict our analysis to the given time frame. We furthermore exclude

stocks and dates with a lot of missing data. The resulting data set used as input into Regression (4.1)

covers 30 months with an average of 780 stocks per date in 2017, 895 stocks per date in 2018, and

1114 stocks per date in 2019.

As we are interested in the cross-sectional impact of firm characteristics at any point in time on the

ESG score, we rescale all variables on each date. We use the z-score normalization for all but the

three categorical variables of Regression (4.1), which is calculated by subtracting the sample mean

from the individual raw score and then dividing the difference by the sample standard deviation. This

transformation not only standardizes all variables to have mean 0 and variance 1 and maintains the
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ranking of stocks along the cross-section, but it also unifies the distribution of all the variables. This

transformation is applied to both the dependent and independent variables.

To examine the effects of market risk and sentiment, we need to define the respective variables. As

risk indicators, our main variables of interest are realized firm risk and market risk attitude, as well

as measures of ambiguity. Rather than consider all risk metrics discussed in the previous section,

we will only take volatility instead of downside risk as a proxy for realized risk, since on one hand

realized volatility is a strong predictor of downside risk (Goldberg and Mouti, 2019), and on the other

hand our short history of 30 months of observations per firm will yield highly unreliable downside risk

estimates due to the nature of the data and the lack thereof. Option implied volatilities will serve

as our proxy for market risk attitude, while our ambiguity measure captures both market and option

implied ambiguity and is defined as the average of the standard deviations of realized volatility and

the standard deviation of implied volatility. More precisely, our risk indicators are defined as follows:

• RVi,t is the realized 1-year volatility of stock i at time t calculated based on daily returns

preceeding time t.

• IVi,t is the implied volatility of stock i calculated from option prices for date t.

• Ambiguityi,t is the square root of the average of the variances of RVi,t and IVi,t.

Because of the strong correlation between realized historical values of risk measures in general and our

selection of three measures in particular, considering all these variables will lead to multicollinearity

in our regression model, with at least one independent variable being linearly dependent on others

with a substantial degree of accuracy. In this situation, the coefficient estimates of the multiple

regression may change erratically in response to small changes in the model or the data. To correct

for mutlicollinearity, we first standardize our three risk indicators and then take their first principal

component. Similar to principal component regression, we will thus be regressing the dependent

variable on a principal component of the explanatory variables (Park, 1981; Jolliffe, 1982). Principal

component analysis leads us to define our independent variable capturing risk by

RISKi,t = 0.61 RVi,t + 0.54 IVi,t + 0.57 Ambiguityi,t .

It is important to point out that this RISK indicator not only encapsulates all three individual risk

indicators of realized and implied volatility as well as ambiguity, but that each indicator contributes

almost equally to this principal component. In particular, the squared PCA factor loadings, which

represent the percent of variance in RISK explained by the factor, are given – in relative terms – by

approximately 40%, 30%, and 30% for RV, IV, and Ambiguity, respectively.

Next, to measure sentiment, we follow the approach of Baker and Wurgler (2006), which takes the

origin of investor sentiment as exogenous and measures it using a top-down approach using financial

market-based measures. There are no perfect uncontroversial proxies for investor sentiment (Baker

and Wurgler, 2007), and we consider a number of proxies suggested in the behavioral finance literature

to form a composite sentiment index. Since each proxy is likely to include a sentiment component as

well as idiosyncratic, non-sentiment-related components, we again use principal components analysis
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to isolate the common component. Our sentiment proxies are trading volume and bid-ask spread,

which are measures of liquity linked to market sentiment, dividiend yield, price-earnings ratio, a

measure of stock market valuations, and price momentum, a proxy of market psychology. Each of

these proxies provides a measure of market sentiment through a unique lens, and together they may

offer a more robust indicator of sentiment for a given stock. Applying principal component analysis

to these five variables after standardizing them, our indicator variable capturing sentiment is thus

defined by

SENTIMENTi,t = 0.99 SPREADi,t+0.12 VOLUMEi,t+0.13 DYi,t−0.03 PEi,t+0.02 MOMENTUMi,t .

Figure 4.3 shows both the risk and the sentiment indicators graphically as a monthly time series over

our sample period, averaged over all firms in the sample as well as over firms in the top and bottom

ESG deciles separately. The risk indicator shows a clear ranking of sustainable firms, with firms in

the top decile displaying on average less risk than those on the bottome decile, which is consistent

with our diagnostic findings in the previous section. While a similar ranking is not evident in the

sentiment indicator, we do note a slight negative correlation between the sentiment for the top and

bottom deciles, which is more pronounced in specific volatility regimes. In light of the results of our

event study during the crash, this regime-dependent negative association between the sentiment for

top and bottom ESG firms can be interpreted as an increase in sustainability sentiment during market

downturns and a decrease in sustainability during market rallies. We will revisit an interpretation of

both of these indicators later in light of the regression results of our ESG decomposition.

To now incorporate RISK and SENTIMENT into our ESG decomposition, let ε̂i,t denote the estimated

residuals from regression (4.1). We estimate the effect of risk and sentiment on ESG ratings using the

following regression model:

ε̂i,t = β0,i + β1,iRISKi,t + β2,iSENTIMENTi,t + υi,t . (4.2)

As in Hirshleifer and Shumway (2003) and Edmans, Garcia, and Norli (2007), we estimate this model

using panel-corrected standard errors, which assumes that the error terms υi,t have mean zero and

are uncorrelated over time, but allows for heteroskedasticity and contemporaneous correlation across

firms.

To estimate the influence of the sets of regressors on the response variable in each of Regressions (4.1)

and (4.2), we provide variable importance metrics to complement the estimated coefficients. We use a

standard variance decomposition method, which measures relative importance of regressors, and thus

allows us to rank independent variables according to their relative contribution to R2 (Grömping,

2015). Given regressors Xj, their variance contribution is given by squares of their standardized

coefficients, where the j-th standardized coefficient cj,st is defined by cj,st = cjσj/σY , where cj is the

estimated coefficient, σj the estimated j-th standard deviation, and σY is the estimated standard

deviation of the dependent variable Y . These variance contributions sum to R2, but we provide the

percent contribution to R2, so our variance contributions sum to 100%.
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Figure 4.3. RISK and SENTIMENT Indicators. The figure shows the RISK and SENTI-
MENT indicators as a monthly time series over our sample period spanning January 2017 to June
2019, averaged over all firms in the sample as well as over firms in the top and bottom ESG deciles
separately. RISK is defined as the first principal component of realized volatility, implied volatility,
and our proxy for ambiguity, while SENTIMENT is defined as the first principal component of levels
in five measures of sentiment: bid-ask spread, trading volume, dividend yield, price-earnings ratio,
and price momentum. All variables in both indicators are first standardized to have mean zero and
standard deviation 1.

4.3. Risk and sentiment effects. Table 4.1 reports the results of Regression (4.1). The most signif-

icant variable linked to ESG is firm size, with larger firms associated with higher ESG ratings, which

is consistent with a large body of research on sustainability ratings of individual stocks (Drempetic,

Klein, and Zwergel, 2019; Artiach, Lee, Nelson, and Walker, 2010). Measures of financial health

and value given by the cash ratio and the book-to-market ratio are also significantly associated with

ESG, as is idiosyncratic volatility, which confirms recent findings of Dunn, Fitzgibbons, and Pomorski

(2019). While Table 4.1 provides a confirmation of insights from the sustainable finance literature,

our main interest lies in market risk and sentiment information that the estimated residuals of this

regression model carry.

The significance of risk and sentiment based on regressing the residuals of Regresison (4.1) on our RISK

and SENTIMENT indicators is summarized in Table 4.2. The first column contains the regression

results based on all firms in our sample, whereas the second through the fifth columns contain the

results of regressions applied to the top and bottom ESG deciles and quintiles separately. Based on the

insights of Figure 4.1, we fit our linear regression model to the tails of the ESG distribution separately
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to further examine the relationship between ESG score, risk and sentiment for these tail firms that,

at least based on descriptive diagnostics, exhibit a more pronounced relationship with sustainability.

Three key observations emerge from Table 4.2.

First, RISK and SENTIMENT are both significant explanatory variables of ESG over the full stock

sample, explaining the variance of the standardized ESG scores almost equally. As expected, the

relationship between ESG score and RISK is negative, with higher risk correlated with lower ESG

score and vice versa, whereas the relationship between ESG score and SENTIMENT is positive,

indicating that higher market sentiment is associated with higher ESG scores. Recalling that the

average ESG score of the firms in our sample is around 50 (on a scale from 1 to 100) and that one

standard deviation in ESG score translates to about 8 score points (recall Table 2.1), the estimated

standardized coefficients represent an approximate 10 point increase in ESG score for one unit decrease

in RISK and, similarly, for one unit increase in SENTIMENT. This is a difference in ESG score of

more than one standard deviation.

Second, while RISK and SENTIMENT contribute almost equally to the unexplained variance of ESG

over the full sample, the contribution of RISK is higher in the top quantiles (columns (2) and (3) of

Table 4.2), while amongst the worst-rated ESG firms, the effect of SENTIMENT disappears. Firms

in the top (bottom) decile and quintile of ESG ratings have an average rating of approximately 75

(25), and among these firms an increase in risk by one unit leads to a decrease in ratings by close to

15 (10) score points. The effect of SENTIMENT is more subtle than that of RISK. While for the

top rated firms, an increase in investor sentiment is associated with higher ESG rating, this effect

disappears for lower rated firms. One possible explanation of this effect is that there are explanatory

variables besides risk or sentiment that are associated with bad sustainability ratings. In the next

section, we hypothesize that particularly for lower rated firms, an idiosyncratic sustainability factor

provides the difference in explanatory power.

Third, we note that the explanatory power given by adjusted R-squared of our linear regression model

(4.2) is higher in the ESG tails, and, within those, higher when fitting to the better rated firms. This

implies that there is either less information or more noise in the mid-to-low-range ESG stocks not

captured by either risk or sentiment indicators.

Finally, we also explore the effect of volatility regimes on the explanatory variables and the ESG

score. To partition our set into different volatility regimes, a VIX threshold of 18% is used for high-

volatility regimes, and a threshold of 14% for low-volatility regimes. Because this threshold has been

picked somewhat arbitrarily without applying an econometrically sound regime-switching model, we

have checked the robustness with respect to several other high- and low-volatility thresholds ranging

between 12% and 20%, and our results are all comparable. For each volatility regime, we regress the

residuals of each of the top decile and bottom decile ESG firms against RISK and SENTIMENT as

in regression (4.2). Although the explanatory power of the regime-dependent regression models are

comparable to those of the corresponding regime-independent regressions of Table 4.2, we note that

the R-squared values increased in the regime-dependent regression for the top-decile firms (up from
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Table 4.1. Regression of ESG and firm fundamentals. The table reports regression results
of our regression model defined in (4.1), with dependent variable the monthly (aggregate OWL-TVL)
ESG score, and indepenedent variables size (SIZE ), idiosyncratic volatility (IDIOVOL), return on as-
sets (ROA), cash ratio (CASH ), leverage (LEV ), book-to-market ratio (BOOK/MARKET ), including
sector, firm, and month fixed effects. The analysis covers the period January 2017 through June 2019,
with an average of 780 stocks per date in 2017, 895 stocks per date in 2018, and 1114 stocks per date

in 2019.

coefficient Std. Error t-statistic p-value Variance contr. (%)

γ0 -0.1472 0.167 -0.883 0.39
SIZE 0.141 0.007 20.004 0.000 77.52
IDIOVOL 0.040 0.007 5.757 0.000 5.77
ROA -0.011 0.008 -1.314 0.189 0.37
CASH -0.029 0.007 -3.997 0.000 3.22
LEV -0.005 0.006 -0.772 0.391 0.10
BOOK/MARKET -0.050 0.008 -6.110 0.00 7.28
SECTOR 0.005 0.003 1.549 0.004 0.45
FIRM -0.000 0.00 -5.403 0.000 5.09
MONTH -0.002 0.002 -1.001 0.074 0.12

Observations N 28440
Adj. R2 0.071
F -statistic 103

0.341 to 0.498 and 0.479 in the high- and low-volatility regimes, respectively), while they decreased

slightly for the bottom-decile firms 0.311 to 0.250 in the low-volatility regime. This indicates a higher

explanatory power of our regression model for top-rated firms and during high-volatility regimes.

4.4. Unexplained variance. Based on the results presented thus far, the aggregate sustainability

score encodes information about sentiment and risk, which we hypothesize both contribute to firm

resilience during financial crises. ESG scores can thus be decomposed into risk, sentiment, and a

residual component. Figure 4.4 shows the monthly time series of each of these three components

over the period of analysis from January 2017 to June 2019. On each date, the average of a given

component is given by the average of its estimate across all firms on that date. There seems to be a

slight negative correlation between the residuals and the risk component, which exhibits the greatest

magnitude and regime dependency, whereas the sentiment indicator appears more volatile and less

related to the other two components. Although the residuals fluctuate for most of the analysis period

around zero, there is on one hand a clear negative drop around the global stock market downturn of

the fourth quarter of 2018, and on the other hand these residual values are averages across firms and

do not give a comprehensive view of the residual distribution.

We next ask two questions: first, what type of information in the aggregate ESG score is not associated

with und thus unexplained by risk or sentiment? Second, is sustainability information that does not

encode risk and sentiment associated with firm resilience during the recent financial crash? To address
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Table 4.2. Regression of ESG and risk and sentiment indicators. The table reports regres-
sion results of our regression model defined by ε̂i,t = β0,i+β1,iRISKi,t+β2,iSENTIMENTi,t+υi,t, where
ε̂i,t are the residuals estimated from Regression (4.1), RISK is defined as the first principal component
of realized volatility, implied volatility, and our proxy for ambiguity, while SENTIMENT is defined as
the first principal component of levels in five measures of sentiment: bid-ask spread, trading volume,
dividend yield, price-earnings ratio, and price momentum. All variables have been standardized to have
mean zero and standard deviation 1 using z-score normalization. Significance at the 10% confidence
level indicated by *, at 5% confidence level indicated by **, and at 1% confidence level indicated by

***.

(1) (2) (3) (4) (5)
Full sample Top Decile Top Quintile Bottom Decile Bottom Quintile

β0 0.007 1.644*** 1.434*** -1.838*** -1.454***
(1.118) (221.07) (209.44 (-149.93) (-153.34)

RISK -0.170*** -0.316*** -0.253*** -0.173*** -0.165***
(-12.642) (-19.824) (-18.917) (-17.880) (-9.287)
50.32 73.30 66.21 94.66 95.55

SENTIMENT 0.188*** 0.173*** 0.147*** 0.004 0.027
(6.990) (10.603) (12.53) (1.385) (1.144)
49.68 26.70 33.79 5.34 4.45

Observations N 22440 2244 4488 2244 4488
Adj. R-squared 0.071 0.341 0.173 0.108 0.049
F -statistic 43.1 99.6 117.0 33.8 28.6

these questions, we study the distribution of the estimated residuals υ̂i,t of regression (4.2), which

represent the variance of the ESG score that remains unexplained by our risk and sentiment factors.

Figure 4.5 displays the distribution of the standardized residuals υ̂i,t (graph (A)), along with the

distributions and symmetry plots around the median for the top and bottom ESG deciles separately

(graphs (B) and (C), respectively). The overall residual distribution indicates slight skewness to

the left but no clear outliers, whereas the distributions of the top and bottom deciles are clearly

skewed to the right and left, respectively. This asymmetry is confirmed by the symmetry plot, which

suggests that the residuals are not distributed equally around their median. This first diagnostic

insight indicates that there is potentially useful and significant information in the residuals, and thus

in the ESG score which is not captured by the risk and sentiment indicators.

Since ESG is by definition the average across environmental, social, and governance indicators, any

decomposition we propose of ESG scores based on financial and market factors must have a corre-

spondence with the individual E, S, and G indicators. Table 4.3 provides a more detailed look at

the relation between the risk, sentiment, and residual components of the ESG score and each of the

E, S, and G indicators of OWL Analytics.6 Each column represents a simple OLS regression of risk,

6We carry out the same analysis using the TVL indicators and find similar results.
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Figure 4.4. ESG Score Components. The Figure displays the average monthly time series of
RISK, SENTIMENT, and υ̂ as defined by Regression (4.2). The value of each of the three indicators on
a given month is calculated as the average value of all firms on that month, so RISKt = meani(RISKi,t),
SENTIMENTt = meani(SENTIMENTi,t), and similarly for the estimated residuals we take υ̂t =

meani(υ̂i,t).

sentiment, and ESG residuals components against the ESG indicators of OWL Analytics, with the

bottom half of the Table listing the lowest level “Key Performance Indicators” (KPIs) of OWL that are

most significant. A detailed list and description of the KPIs can be found in Appendix A. The broad

picture that emerges is that the environmental and social indicators are most significant in the risk

and sentiment components of ESG (with sentiment seemingly carrying more of the social information

than risk), whereas governance plays a smaller role in the risk and no significant role in the sentiment

component. The residuals on the other hand are most significantly correlated with the governance

indicator, and still carry significant information on environmental (E1 = pollution prevention) and

social aspects (EMP1 = employee compensation and satisfaction; EMP2 = employee diversity and

rights). This finding that governance appears most strongly in the residual is confirmed by a similar

regression analysis using individual TVL indicators. Overall, these results suggest that the residual

ESG component carries important information regarding firms’ sustainability conduct, particularly in

the governance space, that cannot be explained with market risk or sentiment.

We next address the question of whether the information encoded in residuals lead to market resilience

during the crash. We rank firms based on their residual score υ̂i,t and analyze their risk and abnormal

returns during the crash. Since our regression analysis time frame ends June 2019, we take an average

of the residuals per firm across six months from January 2019 to June 2019. Figure 4.6 displays

realized volatility (graph (A)) realized drawdown (graph (B)) per decile ranked by residuals, as well

as the price movement during the crash for the top and bottom decile by residual rank (graph (C)).

Similar to Figure 3.1, which displays similar crash diagnostics based on the aggregate ESG score,

the residuals, which do not carry significant risk or sentiment information, seem to be somewhat

associated with resilience.

To underpin this potential residual effect during the crash, we analyze abnormal returns based on

firms’ residual score. Figure 4.7 plots cumulative abnormal returns over the whole crash period for
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Figure 4.5. ESG Residual distribution. The Figure displays distributions of the standardized
estimated residuals υ̂i,t defined by the regression ε̂i,t = β0,i + β1,iRISKi,t + β2,iSENTIMENTi,t + υi,t,
where ε̂i,t are the estimated residuals obtained from Regression (4.1) with dependent variable the
aggregate ESG score and independent variables a set of fundamental firm-specific controls. Both
regressions are based on monthly data over the time period January 2017 to June 2019 covering an
average of 930 stocks per date. Figure (A) shows the distribution of all N = 22440 standardized
residuals across all firms and dates; Figure (B) shows the standardized residual distributions of firms
whose raw ESG scores are in the top and bottom deciles on each date; Figure (C) shows the symmetry
plot of residuals of firms in the top and botton ESG deciles around their median (residuals in upper
tail - median vs. median – residuals in lower tail).

Figure 4.6. Crash diagnostics based on the residual ESG score. The Figure shows risk
diagnostics based on daily data from 1 January 2020 to 31 March 2020 plotted by “residual ESG score”.
A firm’s residual ESG score is calculated as an average of the residuals υ̂i,t of the six-month period from
January 2019 to June 2019, where υ̂i,t are the standardized estimated residuals defined by the regression
ε̂i,t = β0,i +β1,iRISKi,t−1 +β2,iSENTIMENTi,t−1 +υi,t, where ε̂i,t are the estimated residuals obtained
from Regression (4.2) with dependent variable the aggregate ESG score and independent variables a set
of fundamental firm-specific controls. Figure (A) shows the mean and median realized event volatility
per ESG residual decile; Figure (B) shows the mean and median realized maximum drawdown during
the event per ESG residual decile; and Figure (C) shows the mean price movement of firms in teh top
and bottom ESG residual decile starting at the market peak.

five quintiles based on the residual score for 2019, with graph (A) using CAPM-adjusted returns, and

graph (B) Fama-French-adjusted returns. Bearing in mind that firm fundamentals as well as risk

and sentiment factors have been filtered out, a picture similar to that of abnormal returns based on

the aggregate ESG score nevertheless emerges (recall Figure 3.2). Indeed, stocks with higher residual

scores (quintiles 1 and 2) experience significantly lower abnormal returns during the crash. In fact,

based on Figure 4.7, the ourperformance of top ESG stocks ranked based on the residual component

only is much more pronounced than when original ESG scores were used. By excluding risk and
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Table 4.3. E/S/G Indicator regression. The table reports regression results for each of our
ESG components (RISK, SENTIMENT, and RESIDUALS ) against the individual environmental (E),
social (S), and governance (G) scores from OWL Analytics. Significance at the 10% confidence level
indicated by *, at 5% confidence level indicated by **, and at 1% confidence level indicated by ***

RESIDUALS RISK SENTIMENT

α0 -2.771*** 2.442*** -1.651***
(-51.174) (13.493) (-7.915)

E 0.007* -0.013*** 0.038**
(17.541) (-9.292) (2.451)

S 0.005* -0.005*** 0.062***
(13.554) (-2.963) (3.110)

G 0.015*** -0.001* -0.002
(25.817) (1.948) (-1.185)

E-IND E1* E1*** E1***
E2**
E3**

S-IND EMP1* EMP1* EMP2***
EMP2* CIT1** EMP3*

CIT2** CIT1**
CIT2**
CIT3*

G-IND G1** G1* –
G2***
G3*

Observations N 22440 22440 22440
Adj. R-squared 0.158 0.235 0.096
F -statistic 350 232 197

sentiment factors from the ESG score, we have in some way filtered out noise, at least for the top

rated firms, and thus provide evidence that residual ESG plays a role in resilience that is arguably at

least as important as the overall aggregate ESG score.

Table 4.4 presents regression estimates of cumulative abnormal returns, based on both the CAPM and

the Fama-French model, on the decomposition of ESG score based on residuals, the RISK indicator,

and the five proxies for sentiment used in regression (4.2). As expected, the RISK component is

significantly associated with resilience. More importantly, residual ESG score is significant for both

the cumulative abnormal returns over the entire event window, as well as for the downturn, while it is

not significant for the recovery period. This confirms the hypothesis that residuals contain information

that are linked to firm resilience during market uncertainty. Note that of our five individual sentiment
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Figure 4.7. Cumulative abnormal returns based on residual ESG scores. The Figure
shows for each day in the crash period the relative performance of the five ESG quintiles as the
coefficients of a regression of the cumulative abnormal returns in the event window, with abnormal
returns estimated using the CAPM model (graph (A)) and the Fama-French 5-Factor model (graph

(B)).

indicators, trading volume and bid-ask spread display the most consistent significance. This is in line

with the findings of Gervais, Kaniel, and Mingelgrin (2001), Baker and Stein (2004), and Hou, Xiong,

and Peng (2009), who use liquidity measures such as trading volume and bid-ask spread as proxies

for price appreciation.

Overall, the results of this section converge to support the hypothesis that resilience of sustainability

during the downturn is not only due to the intrinsic risk profile of sustainable stocks together with

market sentiment with regards to ESG, but that there is yet at least one more factor contributing

to ESG resilience. In particular, we found that residuals seem to reflect a factor of stocks that we

were not able to capture using any of the other stock characteristics, from financial fundamentals,

to risk indicators, to investor sentiment. One may either argue that we have omitted an important

financial or market variable that is, at least partially, encoded in the residual score, or that indeed

the residuals are able to identify a value-relevant aspect from an investor’s perspective. We argue

that, since our analysis is based on the extensive research on drivers of downside risk by Goldberg and

Mouti (2019), we were able to capture fundamental stock characteristics, indicators of risk, as well as

proxies for ambiguity and sentiment. We therefore do not expect to have omitted central variables

from our analysis that drive resilience during market uncertainty so significantly.

We contend that the factors inherent to our residuals capture value-relevant stock components driving

stock returns during the crash period and hence focus our discussion on possible rationales for the effect

identified. Based on the results of the regression of individual environmental, social, and governance

characteristics on the residuals, governance aspects, particularly factors related to management ethics,

seem to be one of the driving forces behind the residuals. Following Lins, Servaes, and Tamayo

(2017), the residuals could thus reflect a proxy for the trustworthiness of individual companies and

lead investors to place a valuation premium on those stocks during the crash. This effect is plausible

insofar as management ethics has been found to be a company-specific characteristic that is important

for investors to build trust. The underlying mechanism in this case would then be that investors gain
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Table 4.4. Event study with residual ESG scores. The table reports regression estimates of
CAPM- and Fama-French-estimated cumulative abnormal returns on residual ESG scores as well as
the RISK indicator and the 5 variables appearing in the sentiment indicator: bid-ask spread, trading
volume, dividend yield, price-earnings ratio, and price momentum. Abnormal returns are displayed
over the entire event period (CAR) as well as for the crisis (CAR(-)) and rebound (CAR(+)) periods,

separately.

CAPM Fama-French 5

CAR CAR(−) CAR(+) CAR CAR(−) CAR(+)

Constant 75.824*** 62.142*** 8.613 5.284 79.131*** 21.105**
(3.577) (2.862) (0.822) (0.741) (3.556) (2.406)

RES SCORE 2.059** 3.463*** -0.818 0.963*** 4.251*** -0.255
(1.971) (3.089) (-1.386) (3.103) (3.582) (-0.505)

RISK -3.074* 1.660 -5.634*** 1.183*** 9.694*** -0.954*
(-1.908) (0.971) (-8.728) (2.756) (5.396) (-1.750)

SPREAD 2.768 5.583*** -2.163*** 0.656 5.539*** -2.629***
(1.616) (2.679) (-2.688) (1.112) (2.610) (-3.256)

VOLUME -3.586** -4.174** 2.003*** 0.598 -3.767** 2.197***
(-2.163) (-2.324) (3.258) (0.909) (-2.163) (3.994)

DY -2.533*** -1.069 -1.831*** 0.401* -0.269 -1.383***
(-3.391) (-1.477) (-4.275) (1.897) (-0.373) (-3.744)

PE -0.023 0.006 -0.017 -0.007 -0.014 -0.024***
(-1.580) (0.607) (-1.548) (-1.556) (-0.829) (-3.889)

MOMENTUM 1.284*** 1.104*** 0.153 0.114 1.391*** 0.393**
(3.158) (2.665) (0.774) (0.822) (3.297) (2.362)

Observations N 804 804 793 804 804 793
Adj. R-squared 0.060 0.042 0.155 0.053 0.141 0.122
F -statistic 9.067 4.742 13.937 3.823 6.747 31.366

non-financial utility from holding this stock through this particular trust-building stock characteristic.

This effect could also explain why more sustainable companies were traded significantly less during

the crash as investors kept the stocks despite the sharp risk increase due to the crash. This could

also be an indicator for a disposition effect, that has been found to prevail particularly for sustainable

investments (van Dooren and Galema, 2018), in that investors keep these stocks even though the

market is in a clear downturn.

These arguments finally lead us to conjecture that ESG scores contain an idiosyncratic sustainability

factor that is not explainable by either firm-specific fundamental indicators or market metrics and

that quite significantly contributes to stock resilience during market downturns.
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Related studies on the relevance of ESG as a factor mostly conclude that it should not be considered

as a separate factor, because it is already captured in other equity factors (Breedt, Ciliberti, Gualdi,

and Seager, 2019). Especially factors capturing size effects are naturally related to an overall ESG

factor. Furthermore, our research indicates that other types of risk factors are likely to also interact

with an overall ESG factor due to the significant contribution of risk identified in our empirical ESG

score decomposition. However, as firm fundamentals as well as risk and sentiment factors have been

filtered out from the residual ESG score identified in our analysis, we expect that our econometrically

derived idiosyncratic sustainability component could significantly contribute to return analyses as a

separate factor.

5. Sustainability in the Time of Uncertainty: An Experimental Study

The paper has thus far presented evidence suggesting that stocks with good sustainability ratings

have proven more resilient during the Corona crash, and that this resilience is likely due to the lower

risk profile of sustainable firms, investor sentiment, as well as an idiosyncratic ESG component which

implies that investors value sustainability, particularly during increased market uncertainty. In this

section, we experimentally examine the empirically drawn hypotheses regarding investor valuation of

sustainability during the market crash.

5.1. Experimental Design. We ran two identical experiments eliciting risk and ambiguity attitudes,

as well as preference for an equity basket (with and without additional sustainability criteria depending

on treatment) over a risk-free asset. The first experiment was conducted in the week 23–30 November

2019 when the stock market was still in a bull phase7, and the second experiment was conducted in

the week 13–20 March 2020 in the midst of the Corona crash. Our subject pool over both experiments

consisted of 822 participants recruited from the online subject recruitment platform MTurk. While

this is not the most traditional setting for running investment experiments, it is on one hand a

convenient platform to receive immediate results (which has proven especially relevant in the midst

of the market crash), and on the other hand, research examining this platform finds that participants

recruited through MTurk tend to perform similarly on tasks (Casler, Bickel, and Hackett, 2013) and

better in attention checks (Hauser and Schwarz, 2016) than traditional participant pools recruited

through labs, while representing a more diverse set of participants (Paolacci and Chandler, 2014).

We also point out that we made use of the MTurk option to filter participants by their so-called

“masters qualification”, which identifies reliable participants across various experiments and monitors

their performance over time.

Several features of the experimental design are noteworthy. First, randomization was automated. By

clicking on the survey link, each participant was randomly assigned to one of two groups (described

below). The anonymity of each participant was preserved as no names were required to be entered in

7Of course, our knowledge of both COVID-19 and its economic impact was not available at that time. Our initial
experiment was run as part of a project investigating the relationship between risk, ambiguity and sustainability
in general. Once the magnitude of the recent market crash became evident, we swiftly decided to rerun the same
experiment, and thus obtained a natural treatment setting that we could compare to the result obtained in the fall of
2019.
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the survey, and there was no technical way of keeping track of which email address clicked the survey

link and participated in the experiment. Second, on top of the participation fee of USD 5 included in

the design, choices in the experiment questions were rewarded too. Participants were informed that

only a randomly selected number of them (precisely 10) were to be rewarded based on their choices in

the experiment. Often times due to budget constraints, payment schemes with random components

are commonly used in experiments on individual decision-making and there is solid evidence showing

that these schemes do not change behavior (Starmer and Sugden, 1991; Cubitt, Starmer, and Sugden,

1998; Hey and Lee, 2005). Considering that the experiment took only about 10 minutes to complete,

the stake size of approximately USD 50 was nevertheless quite sizable. The winners were selected

using a random number generator once the experiment was finalized and no more participants had

access to the online survey link. To be able to distribute the rewards following completion of the

experiment, each participant was assigned a unique random number at the start of the experiment

and was given the voluntary option to enter the personal email address at the end of the experiment.

The participants engaged in three parts of the experiment, described next. The detailed experimental

instructions and questions can be found in Appendix D.

5.1.1. Risk and ambiguity. Part 1 of the experiment was designed to elicit risk and ambiguity prefer-

ences. The elicitation method of Gneezy and Potters (1997) is used as a measure of risk preferences

in the context of financial decision-making with real monetary payoffs. The participants were told

that they are offered CHF 10 and were given the option of choosing how much of this endowment

they would like to keep for sure and how much they would like to allocate to a coin flip. They were

rewarded twice the amount allocated to the coin flip if the coin landed on Heads, otherwise they loose.

Because the expected payoff is independent from the chosen allocation, risk aversion is equivalent to

choosing a risk-free allocation.

To elicit ambiguity aversion, we followed an approach similar to that of Baillon, Cabantous, and

Wakker (2012), Baillon and Bleichrodt (2015), Dimmock, Kouwenberg, and Wakker (2015), and

Dimmock, Kouwenberg, Mitchell, and Peijenburg (2016). The individuals’ preferences were elicited

over a series of gambles using multiple price lists. Subjects were asked to make a series of 11 binary

decisions, choosing between an ambiguous Box Y and an unambiguous Box X, similar to the famous

Ellsberg (1961) two-urn experiment.8 Both boxes contain exactly 100 balls, which can be blue or

green. The subjects were asked to select one of the boxes in each of the 11 rounds, and then a ball is

(virtually) randomly drawn from that box. Subjects win USD 10 if that ball is green and nothing if

the ball is blue. For Box X, the number of green (and blue) balls is explicitly stated in each round,

starting from 100 green balls (and zero blue balls) which decrease by 10 balls in each round until there

are 0 green and 100 blue balls in Box X. For Box Y , the ratio of green versus blue balls is not given,

and the respondent only knows it is between zero and 100. It is expected that respondents will start

8Following the experimental setup of Dimmock, Kouwenberg, Mitchell, and Peijenburg (2016), our survey uses the term
“box” instead of “urn”, since the word “urn” could be unfamiliar to some subjects. Moreover, we elicit ambiguity with
questions about boxes, instead of stocks, to avoid biases and reverse causality.
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by picking the unambiguous Box X which has a sure outcome of a winning ball being picked, and

that they switch at some point to the ambiguous Box Y .

For simplicity, we approximate the matching probability (Wakker, 2010), which is the known proba-

bility of winning at which the respondent is indifferent between the ambiguous and the unambiguous

choice, by the probability of winning in Box X when it was picked last before switching. For example,

a matching probability of 0.4 means the respondent is indifferent between drawing a green ball from

Box X with a known probability of winning equal to 0.4 versus drawing a green ball from Box Y

with an unknown probability. Because the ambiguity-neutral probability of the ambiguous lottery is

0.5, a respondent with a matching probability less than 0.5 (resp. equal 0.5 and greater than 0.5)

is ambiguity averse (resp. ambiguity neutral and ambiguity seeking). Denoting by q the matching

probability, we define our key measure of ambiguity aversion by α = 0.5 − q. Thus, α > 0 indicates

ambiguity aversion, α = 0 indicates ambiguity neutrality, and α < 0 indicates ambiguity seeking

behavior.

5.1.2. Investment task. In Part 2, subjects were asked to allocate their holdings of USD 10 between a

risk-free asset providing a fixed pay-out of 1.5% (Alternative A) and a risky stock index (Alternative

B) with an expected return of 3.6% and a standard deviation of 12.6%. Similar to Bradbury, Hens, and

Zeisberger (2015) and Kirchler, Lindner, and Weitzel (2018), we calculated semi-annual returns and

standard deviations for a two-year period leading up to the first experiment. Participants received

information about the mean and standard deviation of the return distribution but no information

about the origin of the underlying data, except that they were part of historical financial market data.

In this question, the participants were randomly allocated to one of two groups: in the control group,

no information beyond expected return and risk of the stock index is given, while in the treatment

group participants were given the following additional information:

“The index of Alternative B is classified as a sustainable investment, which is the general term for

sustainable and responsible investment and any other investment that incorporates ESG (environmen-

tal, social and governance) criteria in the investment process. In particular, the index of Alternative

B consists of a capitalization weighting of stocks with above average ESG scores.”

Immediately following the investment task, participants were asked about their risk and return ex-

pectations of the risky Alternative B in comparison with the market index S&P 500, more precisely

whether they expect that Alternative B will be more, less, or equally as volatile as the S&P 500, and

whether they expect that Alternative B will perform better, worse or similar to the S&P 500 over the

next six months. The closer their expectation was to reality, the more money they could earn.

5.1.3. Investment knowledge and demographics. At the end of the experiment, subjects completed a

questionnaire that collected information about their demographic characteristics, as well as knowledge

and beliefs about investing in general and sustainable investing in particular.

5.2. Results. A total of N0 = 422 subjects participated in the experiment E0 at time t = 0 before the

market crash, with N0,C = 210 and N0,T = 212 randomly assigned to the control (C) and treatment
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Figure 5.1. Distribution of allocations to equity. The Figure displays the distri-
bution of the percent allocation to the risky stock index in the investment task for each
of the control (first column) and treatment (second column) groups before (top row)
and during (bottom row) the corona crash.

Table 5.1. Summary statistics of the allocation distributions.

Pre-crash Crash

(A) Control (B) Treatment (C) Control (D) Treatment

Mean 48.34 49.72 43.36 50.93
Stdev 31.25 27.05 31.60 25.47
Skewness 0.06 0.15 0.23 0.27
Kurtosis -0.67 -0.47 -0.99 -0.48

MWW p-value 0.61 0.01 ∗∗∗

ATE p-value 0.73 0.02 ∗∗

% < 50 0.42 0.46 0.51 0.43
Mean < 50 17.36 19.94 17.0 29.79
Mean ≥ 50 71.20 70.60 70.24 68.03

Fisher’s p-value 0.81 0.04 ∗∗

(T ) groups, respectively. A total of N1 = 400 subjects participated in the experiment E1 at time t = 1

during the Corona crash, with N1,C = 200 and N1,T = 200 randomly assigned to the control (C) and

treatment (T ) groups, respectively. A randomization check using rank-sum tests shows no significant

differences in the demographic distributions across the two treatment groups.
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5.2.1. Allocation to equity. Figure 5.1 displays the distribution of the percent allocation to the risky

stock index in the investment task for each of the control and treatment groups before and during

the corona crash. Table 5.1 contains the summary statistics for each of these four distributions,

along with significance statistics for three causal parameters measuring the treatment effect. In

experiment E0 before the crash, there is no significant difference in the allocation distributions of the

control and treatment groups, which implies that adding sustainability information to the investment

task did not alter the participants’ allocation to equity in either direction. Indeed, The hypothesis

that these allocation samples were selected from populations having the same distributions can be

rejected based on the Mann-Whitney-Wilcoxon (MWW) test (Mann and Whitney, 1947) (p-value

= 0.61). The mean percent allocation to equity is 48.35% versus 49.72% for control and treatment,

respectively. The resulting slightly positive average treatment effect ATE = 49.72%−48.35% = 1.37%

is insignificant (p-value = 0.73).9 A more careful investigation of this treatment effect using Fisher’s

exact test (Fisher, 1935) confirms these conclusions. Table 5.1 reports the frequency distribution

based on whether a participant’s allocation to equity is smaller than the median of 50%, along with

the average allocations above and below the median for each of the control and treatment. Based on

the results in this pre-crash experiment E0, Fisher’s null-hypothesis of no effect cannot be rejected

(p-value = 0.81).

During the crash, one of the striking effects when comparing graphs (A) and (C) of Figure 5.1 is that

the number of subjects choosing not to allocate any of their endowment to the risky equity index (in

the control group) has more than tripled. This is consistent with the idea that risk aversion increases

during economic busts (Cohn, Engelmann, Fehr, and Maréchal, 2015). This effect is, however, not

immediately visible in the treatment group. Indeed, the average allocation to the equity index jumped

by almost 10% from 43.3% in the control to 52.0% in the treatment group during the crash. This

effect is significant according to both the MWW test (p-value = 0.01) and the ATE test (p-value =

0.02). The frequency distribution of participants’ allocation to equity above and below the median of

50% gives a closer insight: 51% of participants choose to allocate less than half of their endowment

to equity (with a mean allocation of 17%) in the control compared to 43% of participants in the ESG

treatment (with a mean allocation of 29.79%). Based on this, Fisher’s null-hypothesis of no effect can

be rejected (p-value = 0.04).

Overall, these results indicate that sustainability information did not significantly alter the subjects’

preferences for the risky alternative before the crash. During the crash, however, there is a significant

increase in the average allocation to equity once the information regarding the sustainability property

of the risky alternative is added. Whether or not this effect may be indeed due to the participants’

risk and uncertainty preferences and expectations is investigated next.

5.2.2. The role of risk and uncertainty. To determine the participants’ risk attitudes, their allocations

from the first question of the experiment were used, which represents an allocation task between a

risk-free asset (keeping the entire endowment of USD 10 for sure) and a risky asset (flipping a coin).

9We estimated the average treatment effect using the non-parametric inference methods of Chan, Yam, and Zhang
(2015).
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Figure 5.2. Allocation to equity under risk and ambiguity. The Figure displays the average
allocation to the risky asset pre-crash and during the crash for both control (no-ESG information)
and treatment groups (ESG information). The graphs on the left show the average allocation per
risk attitude group (risk averse versus risk seeking), while the graphs on the right show the average
allocation per ambiguity attitude (ambiguity averse versus ambiguity seeking).

Table 5.2. Allocation to equity under risk and ambiguity. The Table displays, for each
experiment and treatment group, the differences in the average allocations to equity between the
risk averse and risk seeking individuals, and between the ambiguity averse and ambiguity seeking
individuals. This is the difference between the light grey and dark grey bars of Figure 5.2. We applied
one-side Wilcoxon rank test to test the null hypothesis that the average allocations are equal under risk
aversion and under risk seeking behaviour, and separately under ambiguity averse and ambiguity seeking
behavior against the alternative that the average allocation to equity is higher under risk (ambiguity)
seeking behavior. The p-values are reported with rejections at 10% confidence level indicated by *, at
5% confidence level indicated by **, and at 1% confidence level indicated by ***.

Pre-crash Crash

Control Treatment Control Treatment

Risk 14.78∗ 23.24∗∗ 37.58∗∗∗ 7.36
p-value 0.09 0.01 0.00 0.29

Ambiguity -0.52 10.21∗ 9.93 -5.06
p-value 0.59 0.09 0.17 0.48

Because in this question the expected payoff is independent of the allocation of their endowment,

risk averse individuals are those choosing the risk-free payoff, while risk seekers are those taking on

some level of risk. According to this classification, participants were divided into risk averters (75%

of all individuals in each of Experiments E0 and E1) and risk seekers (25% of individuals in each of

Experiments E0 and E1), and the respective allocations to equity were analyzed for each group.

To determine the ambiguity attitude α = 0.5−q, where q is the matching probability, the participants’

11 choices from the second question in Part 1 of the Experiment were used. Here, participants were

divided into ambiguity averse with α > 0 (62% and 58% of all individuals in Experiments E0 and E1,

respectively) and ambiguity seekers with α < 0 (20% and 30% of all individuals in Experiments E0

and E1, respectively).
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Figure 5.2 displays the average allocation to the risky asset pre-crash and during the crash for both

control (no-ESG information) and treatment groups (ESG information) divided according to risk

attitude (left graph) and ambiguity attitude (right graph). As expected, the average allocation to

equity is consistently higher for risk seekers across control and treatment in both experiments. For

the pre-crash experiment, there is no visible difference in the allocations of risk averse participants

between the control and treatment groups. However, during the crash, risk averse participants had a

higher allocation to the sustainable equity (and nearly as equal to the average risk seeking allocation)

compared to the control group that did not receive ESG information. The same observations mildly

apply to the ambiguity graph to the right of Figure 5.2. The differences in the average allocations

to equity between risk averse/risk seeking and ambiguity averse/ambiguity seeking participants is

shown in Table 5.2 for each experiment and treatment group, along with results of one-sided Wikoxon

rank p-values to test the significance of these differences. The main insight gained is that during the

crash, sustainability information led the risk averse individuals to allocate almost as much as risk-

seeking individuals to equity, whereas before the crash, the differences in allocation are significant.

A parallel effect is less clear when comparing allocation differences based on ambiguity attitudes,

although we see that the ambiguity averse allocated more to sustainable equity during the crash and

less before the crash. The argument that risk perception of sustainability drives this difference effect

before and during the crash is supported when comparing the answers to participants’ risk and return

expectations of the risky equity alternative to the market (S&P 500) over the six months following the

time of the experiment. While we do not see a clear pattern distinguishing return expectations either

by experiment or by treatment, we do find a significant difference in the risk expectations during the

crash, with approximately 75% of participants in the treatment expecting the ESG equity basket to

be less risky, compared to only 45% in the control.

To establish a direct statistical relationship between percent allocation to equity, risk and uncertainty

aversion, as well as risk and return expectations, a standard OLS regression analysis is carried out.

the regression model is specified by

yi,c,s = β0 + β1 Riski,c,s + β2 Ambiguityi,c,s + β3 Risk-Expi,c,s + β4 Return-Expi,c,s + β5 Xi,c,s + εi,c,s,

where the dependent variable yi,c,s is the percentage allocation to equity of individual i in experi-

ment c (pre- or post-corona crash) under treatment s (No-ESG versus ESG information), Risk and

Ambiguity are the levels of risk and ambiguity aversion, respectively, Risk-Exp and Return-Exp are

the participants’ risk and return expectations of the equity basek compared to the S&P 500, X is

the set of control variables for subjects’ demographic information, and ε is the idiosyncratic error

term. The estimation results are reported in Table 5.3. Note that the Table does not display the

estimates for the various control variables, for simplification of exposition and as none were significant.

While participants’ risk aversion is significantly associated with allocation in equity in both groups

of the pre-crash experiment, this significance disappears in the crash/treatment group, confirming

our findings of Table 5.2. Ambiguity seems to play a less significant role over all experiments and

groups, although it is worth pointing out here that ambiguity aversion is negatively associated with
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Table 5.3. Regression of risk and ambiguity with allocation to equity. The Table reports
results to OLS regression analysis is carried out. the regression model is specified by yi,c,s = β0 +
β1 Riski,c,s + β2 Ambiguityi,c,s + β3 Risk-Expi,c,s + β4 Return-Expi,c,s + β5 Xi,c,s + εi,c,s, where the
dependent variable yi,c,s is the percentage allocation to equity of individual i in experiment c (pre- or
post-corona crash) under treatment s (No-ESG versus ESG information), Risk and Ambiguity are the
levels of risk and ambiguity aversion, respectively, Risk-Exp and Return-Exp are the participants’ risk
and return expectations of the equity basket compared to the S&P 500, X is the set of control variables
for subjects’ demographic information, and ε is the idiosyncratic error term. *, **, and *** indicate
significance at the 10%, 5%, and 1% levels, respectively.

(A) Pre-crash/Control (B) Pre-crash/Treatment

Coefficient std. error t-statistic p-value Estimate std. error t-statistic p-value

Intercept 39.94 8.18 4.88 0.00 46.01 6.47 7.11 0.00
Risk 1.84∗∗ 0.71 2.58 0.01 4.22∗∗∗ 0.54 7.74 0.00
Ambiguity 14.05 10.71 1.31 0.19 -9.39∗∗ 9.39 -1.00 0.04
Risk Exp. 5.18 3.13 1.65 0.10 -2.11 2.21 -0.96 0.34
Return Exp. -2.61∗ 1.40 -1.87 0.06 -3.27∗∗ 1.16 -2.81 0.01

Observations 207 209
Adj. R2 0.22 0.27
F -statistic 3.42 18.13

(C) Crash/Control (D) Crash/Treatment

Coefficient std. error t-statistic p-value Estimate std. error t-statistic p-value

Intercept 9.75 7.55 1.29 0.20 46.84 6.35 7.38 0.00
Risk 5.01∗∗∗ 0.61 8.21 0.00 2.57 0.56 4.56 0.20
Ambiguity -9.12 9.70 -0.94 0.35 5.77 9.44 0.61 0.54
Risk Exp. 4.65∗ 2.43 1.92 0.06 -2.22 2.15 -1.03 0.30
Return Exp. 0.90 1.23 0.73 0.47 -1.12 1.15 -0.97 0.33

Observations 198 194
Adj. R2 0.23 0.19
F -statistic 19.13 5.63

allocation to sustainable equity in the pre-crash experiment. This can be interpreted as sustainabil-

ity under normal circumstances being an investment carrying uncertainty from the viewpoint of this

experiments’ pariticpants at least, and that the crash has led participants to view sustainability as a

resilient attribute.

The crux of this experimental setup pre- and post-crash is thus that sustainability is negatively

linked to uncertainty from the participants’ viewpoint. While we do not provide an experimental

dissection complementing our empirical decomposition of the mechanisms driving investors to prefer

sustainable stocks during the crash, the fact that the risk and ambiguity averse increase their allocation

in sustainability is in line with the hypothesis that sustainable stocks are perceived as less risky and
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more resilient by investors. One behavioral property that might be driving this preference in times of

crisis is the affect heuristic (Alhakami and Slovic, 1994; Finucane, Alhakami, and Slovic, 2000; Slovic,

Finucane, Peters, and MacGregor, 2007). On one hand, since in times of crises behavioral heuristics

are arguably heightened, the emotional response of investors, their affect, plays a lead role. On the

other hand, our observation that participants expect sustainble equity during the cirsis to have lower

risk is consistent with prior research on the affect heuristic. A positive shift in affect increases investor

expectations of future returns and lowers perceived risk, while a negative shift results in the opposite.

This hypothesis has been proposed by Hartzmark and Sussman (2019), who find that investors who

value sustainability for nonpecuniary reasons, such as moral ideals, may have positive affect influence

their perception of performance.

6. Concluding remarks

We provide evidence that during one of the worst stock market crashes in history, sustainably rated

stocks have proven most resilient. We then develop a decomposition of ESG scores that sheds light

on the nature of this resilience in terms of risk, sentiment, and a residual sustainabilty component,

and show that the idiosyncratic sustainability factor is arguably the most prominent in terms of

explanatory power of this resilience, leading us to partly justify this resilience in terms of investor trust

in sustainability during times of hightened market uncertainty. Experimental evidence on investor

preferences for sustainability carried out before and during the crash supports the empirically drawn

premise that sustainability is valued in times of uncertainty and market turmoil. This paper thus

significantly expands the existing evidence linking sustainability to asset prices, risk, and investor

sentiment.

Since our econometric approach to the decomposition of ESG has enabled us to filter a residual

ESG score from firm fundamentals as well as risk and sentiment components, we expect that our

idiosyncratic sustainability factor can significantly contribute to return analyses as a potential separate

factor to be considered in the equity space. These findings indicate that firms as well as investors

should approach sustainability as a key resilience property complementing traditional risk factors. One

may argue that one caveat persists: we cannot fully exclude that some other form of heterogeneity

across companies significantly contributes to the explanation of stock price resilience. However, our

finding that the link between sustainability and stock price performance does not forfeit explanatory

power even after removing company-specific factors and controlling for risk and sentiment indicators,

strongly mitigates this concern. The effectiveness and impact of adding such a residual ESG factor

to traditional risk and return models provides an interesting subject for future research.

Moreover, our result that effective operating returns in the form of realized ROAs in the first quarter

of 2020 do not reflect sustainability ratings, indicates that stock market resilience does not necessarily

translate into operational resilience. This conjecture would transmit to an overvaluation of stocks

with high ESG ratings during the crisis and could, therefore, lead to price corrections in the long run.

The longer-term link between ESG rating and stock market returns after a crisis is thereby be another

strand of reseacrh topic to be further investigated based on this crisis.
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Finally, note that we intentionally decided not to elaborate on the directionality of the explanatory

effects we found in the empirical decomposition of the ESG scores, as we argue that the direction of

the relationship is two-sided. While lagged risk and sentiment indicators could well be reflected in

current ESG scores, lagged ESG scores most likely drive future risk and sentiment measures through

investor behavior.

Appendix A. ESG Indicators

A.1. OWL Analytics. OWL Key Performance Indicators (KPIs):

E1: Pollution Prevention — Pollution Prevention KPI aggregates data regarding how much a

company pollutes, it’s policies to reduce said pollution, and its transition towards alternative

technologies that reduce environmental harm.

E2: Environmental Transparency — Environmental Transparency KPI aggregates data about

a company’s policies to reduce pollution and energy consumption. It also measures a com-

pany‘s environmental reporting and dedication to environmental transparency.

E3: Resource Efficiency — Resource Efficiency KPI aggregates data about how well a company

and its suppliers are reducing resource consumption, including water and energy, in the supply

chain. It also includes data about the company’s dedication and effectiveness in recycling.

EMP1: Compensation and Satisfaction — Compensation and Satisfaction KPI aggregates data

involving how well a company creates loyalty in the workplace through fair pay, benefits, and

other practices that encourage employee growth and productivity.

EMP2: Diversity and Rights — Diversity and Rights KPI aggregates data on performance and

practices regarding diversity in the workplace, labor-management and relations and workforce

rights.

EMP3: Education and Work Conditions — Education and Work Conditions KPI aggregates data

on performance and policies regarding workplace safety, worker training, and other metrics to

measure worker productivity, health and morale.

CIT1: Community and Charity — Community and Charity KPI aggregates data on how well a

company treats the communities in which it does business, including data on charitable ac-

tivities and volunteerism, protection of the public health, and the social and environmental

impacts of products and services on local communities.

CIT2: Human Rights — Human Rights KPI aggregates data on a company’s policies and perfor-

mance regarding human rights, including information on child or compulsory labor, treatment
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of people throughout the supply chain, and treatment of local people and populaces.

CIT3: Sustainability Integration — Sustainability Integration KPI aggregates data on how well a

company evolves its product development, marketing, and sales towards creating sustainable

offerings that reduce environmental impact and benefit the health the quality of life of cus-

tomers.

G1: Board Effectiveness — Board Effectiveness KPI aggregates information on policies and per-

formance regarding independence of the Board from management, Board diversity, alignment

with best practices, and effectiveness in using Board best practices to incent management to

achieve financial and sustainability goals.

G2: Management Ethics — Management Ethics KPI aggregates data on how well a company

manages relationships with stakeholders, including information on how well a company inte-

grates ethics into decisions and policies, its performance on eqitable treatment of shareholders,

and its commitment to integrating ESG considerations into company operations.

G3: Disclosure and Accountability — Disclosure and Accountability KPI aggregates infor-

mation on the quality of reporting regarding sustainability goals, engagement of employees

and management in sustainability performance, and the thoroughness of transparency to all

stakeholders.

A.2. Truvalue Labs Signals and Scores Categories.

(1) Access and affordability

(2) Air quality

(3) Business ethics

(4) Business model resilience

(5) Competitive behavior

(6) Critical incident risk management

(7) Customer privacy

(8) Customer welfare

(9) Data security

(10) Ecological impacts

(11) Employee engagement, diversity, and inclusion

(12) Employee health and safety

(13) Energy management

(14) GHG emissions

(15) Human rights and community relations

(16) Labor practices

(17) Management of the legal and regulatory environment
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(18) Materials sourcing and efficiency

(19) Physical impacts of climate change

(20) Product design and lifecycle management

(21) Product quality and safety

(22) Selling practices and product labeling

(23) Supply chain management

(24) Systemic risk management

(25) Waste and hazardous materials management

(26) Water and waste water management

Appendix B. Variable descriptions

Table B.1: Variable definitions

Variable Retreived from Description Frequency

BOOK MARKET Compustat Capital IQ Book value of shareholder’s equity di-

vided by the market value of equity

Quarterly

SIZE Compustat Capital IQ Natural logarithm of the market capi-

talization

Daily

SECTOR OWL and TVL Sector classification for each firm

LEV Compustat Capital IQ Total long-term debt divided by total

assets

Quarterly

CASH Compustat Capital IQ Share of cash divided by total assets Quarterly

ROA Compustat Capital IQ Return on assets - net income divided

by total assets

Quarterly

IDIOVOL Idiosyncratic volatility based on Fama-

French 5 Factor model over the year

2019

Daily

VOL1Y Calculated from price

data

Realized 1-year volatility based on daily

returns

Daily

SPREAD CRSP Bid Ask spread divided by the mid-

point between ask and bid

Daily

VOLUME CRSP Total volume of shares traded divided

by the shares outstanding

Daily

MDD Compustat Capital IQ Maximum drawdown Daily

ESG OWL and TVL Average ESG score (TVL & OWL) Monthly

RETURN Compustat Capital IQ Raw stock market return based on

prices

Daily

DY Datastream Daily

PE Datastream Daily

IV Option Metrics Otpion implied volatility Daily
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Appendix C. Summary statistics of ESG Quintile Baskets

MEAN MEDIAN SD MIN MAX N

ESG 5. Quintile
BOOK MARKET 0.97 0.66 1.75 -2.48 16.46 132
SIZE 7.55 7.39 1.19 4.64 11.07 132
LEV 66.73 70.62 27.53 7.95 180.37 139
CASH 7.90 4.89 9.20 0.00 61.86 119
ROA 2.55 1.71 8.33 -46.91 33.03 139
IDIOVOL -4.44 -4.32 1.91 -11.25 1.03 139
VOL1Y 34.70 31.24 15.23 12.91 92.71 139
SPREAD 0.08 0.06 0.07 0.01 0.53 137
VOLUME 1.44 0.73 3.59 0.13 41.38 263
MDD 51.30 49.83 17.15 9.22 91.50 265
ESG 38.28 39.14 4.21 24.40 43.37 265
RETURN 0.73 0.28 5.42 -9.60 65.50 265

ESG 4. Quintile
BOOK MARKET 1.15 0.46 4.02 -1.63 45.75 134
SIZE 7.96 7.93 1.53 4.15 12.38 134
LEV 65.48 65.27 34.19 5.30 347.14 138
CASH 9.11 4.28 10.79 0.01 49.83 128
ROA 3.47 2.44 8.23 -25.96 42.10 138
IDIOVOL -5.02 -5.05 2.43 -10.83 9.80 140
VOL1Y 36.66 32.40 16.81 14.40 93.33 140
SPREAD 0.09 0.05 0.11 0.01 0.61 140
VOLUME 1.17 0.71 1.52 0.09 13.53 265
MDD 50.23 47.87 16.87 13.97 91.74 266
ESG 46.14 46.16 1.42 43.37 48.27 266
RETURN 0.31 0.20 3.29 -19.06 26.27 266

ESG 3. Quintile
BOOK MARKET 0.86 0.52 1.10 -1.11 6.58 112
SIZE 8.38 8.12 1.68 4.89 12.23 112
LEV 61.49 60.74 23.04 11.87 149.05 119
CASH 7.43 5.07 7.51 0.01 39.84 110
ROA 3.66 3.15 7.69 -51.57 22.84 119
IDIOVOL -4.49 -4.34 1.52 -7.91 0.31 120
VOL1Y 31.59 28.51 11.22 16.28 71.36 120
SPREAD 0.06 0.04 0.06 0.01 0.45 119
VOLUME 1.04 0.57 2.07 0.15 27.54 261
MDD 50.32 48.53 16.57 10.62 93.90 264
ESG 50.30 50.24 1.20 48.29 52.40 264
RETURN 0.10 0.22 3.73 -45.49 16.58 264
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MEAN MEDIAN SD MIN MAX N

ESG 2. Quintile
BOOK MARKET 0.60 0.43 0.51 -0.28 2.40 144
SIZE 8.54 8.40 1.63 4.80 12.01 144
LEV 64.28 64.42 27.48 12.01 253.24 150
CASH 9.11 5.52 10.69 0.07 59.16 145
ROA 4.56 4.00 7.94 -36.12 35.42 150
IDIOVOL -4.34 -4.19 1.74 -13.68 0.96 152
VOL1Y 31.71 27.42 15.69 12.54 110.10 152
SPREAD 0.10 0.04 0.54 0.01 6.66 152
VOLUME 0.93 0.62 1.08 0.15 12.03 264
MDD 47.70 47.02 15.81 7.11 87.76 265
ESG 54.62 54.54 1.30 52.40 56.91 265
RETURN 0.41 0.37 2.52 -21.17 15.35 265

ESG 1. Quintile
BOOK MARKET 0.72 0.56 0.60 -0.13 3.13 141
SIZE 8.21 8.26 1.47 4.93 12.53 141
LEV 58.60 59.01 20.01 10.64 121.85 145
CASH 8.38 5.41 8.75 0.05 47.43 138
ROA 4.70 3.40 5.35 -8.27 29.46 145
IDIOVOL -4.07 -4.13 1.52 -8.72 1.02 148
VOL1Y 28.06 26.08 11.06 11.62 64.29 148
SPREAD 0.06 0.04 0.06 0.01 0.54 147
VOLUME 0.80 0.59 0.72 0.12 4.32 263
MDD 45.64 44.92 13.17 16.28 86.97 266
ESG 60.49 59.86 2.90 56.92 69.94 266
RETURN 0.17 0.27 2.14 -13.90 10.58 266

Total
BOOK MARKET 0.85 0.54 2.06 -2.48 45.75 663
SIZE 8.13 8.00 1.54 4.15 12.53 663
LEV 63.34 63.25 27.02 5.30 347.14 691
CASH 8.44 4.96 9.54 0.00 61.86 640
ROA 3.81 2.94 7.59 -51.57 42.10 691
IDIOVOL -4.47 -4.34 1.88 -13.68 9.80 699
VOL1Y 32.50 28.47 14.54 11.62 110.10 699
SPREAD 0.08 0.05 0.26 0.01 6.66 695
VOLUME 1.08 0.65 2.06 0.09 41.38 1316
MDD 49.04 47.22 16.09 7.11 93.90 1326
ESG 49.97 50.24 7.94 24.40 69.94 1326
RETURN 0.34 0.26 3.61 -45.49 65.50 1326
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Appendix D. Experiment instructions and questions

Welcome to the experiment and thank you for your participation!

This experiment is part of a research project jointly run by the University of Basel and the University of Zurich in

Switzerland.

(In light of the currently developing financial crisis) We are conducting a research study on financial decision making

and investment behavior. Your personal opinions are of great interest to us. This is why we kindly ask you to answer

all the questions completely and thoroughly.

Participation will take approximately 15 minutes, and with your participation, you will make an important contribution

to academic research.

You can – with a little bit of luck – also earn income based on your choices in the questions. 5 participants can win

around USD 20. At the end of the study, we will determine with a random draw whether you are one of the winners.

To be considered for the reward, we ask you at the end of the survey to provide your email address. This is completely

voluntary for you. Your answers will be treated with complete confidentiality, and they will be analyzed in an anonymous

form.

Thank you in advance for participating!

Question 1. In this question, you are offered USD 10 and you can either keep it or use some or all of it to play the

following game. A coin is flipped, if it lands on Heads (H), you receive double the amount you used to play the game,

otherwise you loose that amount.

How much of your USD 10 do you use to play the game?

Question 2. You will now be asked to make 11 decisions, each of which asks you to choose between two boxes, Box

X and Box Y. Each box contains 100 balls of different colors, which can either be green or blue:

– For Box X, the exact mix of green and blue balls is always known and given in each choice question.

– For Box Y, the exact mix of green and blue balls is unknown.

One ball will be drawn at random from the box you choose. You will win USD 10 if a green ball is drawn.

There are no right or wrong answers for these questions, you just need to choose the box that you personally prefer.

After completing the survey, one of the 11 questions you answered will be selected randomly by the computer and played

for real money. Your winnings will be based on the selection you make. If you are one of the 5 randomly selected survey

participants, you will receive the money you won here alongside the money won in the previous investment question.

Which box do you prefer in each of the following 11 choice questions?

• Box X: 100 green, 0 blue; Box Y: ?? green, ?? blue

• Box X: 90 green, 10 blue; Box Y: ?? green, ?? blue

• Box X: 80 green, 20 blue; Box Y: ?? green, ?? blue

• Box X: 70 green, 30 blue; Box Y: ?? green, ?? blue

• Box X: 60 green, 40 blue; Box Y: ?? green, ?? blue

• Box X: 50 green, 50 blue; Box Y: ?? green, ?? blue

• Box X: 40 green, 60 blue; Box Y: ?? green, ?? blue

• Box X: 30 green, 70 blue; Box Y: ?? green, ?? blue

• Box X: 20 green, 80 blue; Box Y: ?? green, ?? blue
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• Box X: 10 green, 90 blue; Box Y: ?? green, ?? blue

• Box X: 0 green, 100 blue; Box Y: ?? green, ?? blue

Question 3 (Control). In this question, you have to make investment decisions in the financial market. You start

with a wealth of USD 10 and you have to decide what percentage of your wealth you want to invest in a stock

index (Alternative B). The remaining amount of your endowment will be automatically allocated to a risk-free rate

(Alternative A).

Alternative A provides you with a fixed payout of +1.5%.

The development of Alternative B reflects the price development of a basket of US shares and is based on actual

historical data. In the last 14 years, Alternative B earned a yearly return of 3.6% (semi-annual compounding) at a

standard deviation of the semi-annual price returns of 12.6%.

Here are some examples on the likelihood of various price fluctuations:

In 50 out of 100 cases, the semi-annual return lies between -4.9% and 12.1%. In 90 out of 100 cases, the semi-annual

return lies between -17.1% and 24.3%. In 95 out of 100 cases, the semi-annual return lies between -21.1% and 28.3%.

After a 6-month period, the actual return of the stock index is observed and your wealth will be calculated according

to your investment in the stock index and in the risk-free rate.

How much of your USD 10 do you allocate to Alternative B?

Question 3 (Treatment). In this question, you have to make investment decisions in the financial market. You

start with a wealth of USD 10 and you have to decide what percentage of your wealth you want to invest in a stock

index (Alternative B). The remaining amount of your endowment will be automatically allocated to a risk-free rate

(Alternative A).

Alternative A provides you with a fixed payout of +1.5%.

The development of Alternative B reflects the price development of a basket of US shares and is based on actual

historical data. In the last 14 years, Alternative B earned a yearly return of 3.6% (semi-annual compounding) at a

standard deviation of the semi-annual price returns of 12.6%.

Here are some examples on the likelihood of various price fluctuations:

In 50 out of 100 cases, the semi-annual return lies between -4.9% and 12.1%. In 90 out of 100 cases, the semi-annual

return lies between -17.1% and 24.3%. In 95 out of 100 cases, the semi-annual return lies between -21.1% and 28.3%.

The index of Alternative B is classified as a sustainable investment, which is the general term for sustainable and

responsible investment and any other investment that incorporates ESG (environmental, social and governance) criteria

in the investment process. In particular, the index of Alternative B consists of a capitalization weighting of stocks with

above average ESG scores.

After a 6-month period, the actual return of the stock index is observed and your wealth will be calculated according

to your investment in the stock index and in the risk-free rate.

How much of your USD 10 do you allocate to Alternative B?

Question 4. With the next two questions you can earn money by trying to be as close to reality as possible with your

estimations. We will ask you about return and risk expectation of Alternative B (as described in the investment task

above):

Recall that Alternative B consists of a basket of US shares with a risk-return profile based on actual historical data. In

the last 10 years, the stock index price development is characterized by price fluctuations. In this period, Alternative



52 SUSTAINABILITY IN THE TIME OF UNCERTAINTY

B earned a yearly return of 3.6% (semi-annual compounding) at a standard deviation of the semi-annual price returns

of 12.6%).

The index of Alternative B is classified as a sustainable investment, which is the general term for sustainable and

responsible investment and any other investment that incorporates ESG (environmental, social and governance) criteria

in the investment process. In particular, the index consists of an equal weighting of stocks with above average ESG

scores.

We ask you to estimate the risk and return of Alternative B in comparison to the market index S&P 500. The closer

to reality you are, the more money you can earn:

Exact prediction of the reality: USD 10 1 percentage point deviation from reality (either positive or negative): USD 5

2 and more percentage points deviation from reality (either positive or negative): USD 0

What is your return expectation for Alternative B over the next six months:

• Alternative B performs 3 percentage points better than the S&P500.

• Alternative B performs 2 percentage points better than the S&P500.

• Alternative B performs 1 percentage point better than the S&P500.

• Alternative B performs equal to the S&P500.

• Alternative B performs 1 percentage point worse than the S&P500.

• Alternative B performs 2 percentage points worse than the S&P500.

• Alternative B performs 3 percentage points worse than the S&P500.

What is your risk expectation for Alternative B over the next six months. You will receive USD 10 if your prediction

is correct:

• Alternative B is more volatile than the S&P500.

• Alternative B is equally as volatile as the S&P500.

• Alternative B is less volatile than the S&P500.

Question 5.

(a) About how often do you deal with investment instruments (purchase and sale)?

Never/Once a year/Twice a year/Four times a year/Every month/Twice a month/Once a week/Daily

(b) How do you see yourself: Are you willing to take risks or try to avoid risks?

Not at all willing to take risks/Rather not willing to take risks/Average/Rather willing to take risks/Very willing to

take risks

(c) Do you think the S&P 500 (Global Market Index) will tend to go up or down in the next two years?

S&P 500 will go down/S&P 500 will stay the same/S&P 500 will go up

(d) Have you heard of the concept ESG investing before?

Yes/No

(e) I expect that the returns of stocks with above average ESG (environmental, social governance) ratings compared

to conventional stocks are:

Much lower/A bit lower/The same/A bit higher/Much higher/I do not know

(f) Stocks with above average ESG ratings are more risky than conventional stocks.

Fully disagree/Strongly disagree/Somewhat disagree/Neither agree nor disagree/Somewhat agree/Strongly agree/Fully

agree
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(g) Stocks with above average ESG ratings have a positive influence on society.

Fully disagree/Strongly disagree/Somewhat disagree/Neither agree nor disagree/Somewhat agree/Strongly agree/Fully

agree

Question 6.

(a) Which of the following orders of the four investment instruments according to their average volatility (from 1 =

low to 4 = high) is correct:

• Savings account 2. Government bonds 3. Stocks 4. Corporate bonds

• Savings account 2. Government bonds 3. Corporate bonds 4. Stocks

• Government bonds 2. Savings account 3. Stocks 4. Corporate bonds

• Government bonds 2. Savings account 3. Corporate bonds 4. Stocks

(b) Which one of the following statements is NOT a possible advantage of investing in investment funds from the

perspective of an investor?

• The possibility to diversify.

• The possibility to invest in special markets.

• The possibility to invest small amounts of money.

• The possibility to choose individual stocks.

(c) Which one of the following is synonymous with keeping a sell option?

• Short Put

• Long Put

• Short Call

• Long Call

Question 7.

(a) Please select your gender:

Male/Female/Undisclosed

(b) Please select your age range:

¡20/20-29/30-39/40-49/50-59/60-69/¿70

(c) What is your highest level of education?

Secondary or middle school/High school/University degree/Masters degree/PhD or MD

(d)What is your family status?

Single/Married or living with partner/Divorced/Widowed

(e) Do you have children?

Yes/No

(f) What is your yearly gross income?

<USD 50’000/USD 50’000 - USD 100’000/USD 100’000 - USD 150’000/USD 150’000 - USD 200’000/USD 200’000 -

USD 250’000/> USD 250’000

(g) How much liquid wealth do you possess?
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< USD 10’000/USD 10’000 - USD 50’000/USD 50’000 - USD 100’000/USD 100’000 - USD 200’000/USD 200’000 - USD

500’000/USD 500’000 - USD 1’000’000/> USD 1’000’000

(h) How much of your total wealth is invested in so-called ”sustainable investments”, which is the general term for sus-

tainable or responsible investment and any other investment that incorporates ESG (Environment, Social, Governance)

criteria in the investment process.

Percentage of wealth invested sustainably: 0%/<25%/25% - 50%/50% - 75%/>75%/100%

(i) What is your professional function?

You have reached the end of the survey, thank you very much for participating!

Remember that a random draw of participants will determine who will be considered for the money rewards based

on the investment decision. If you would like to be considered for the reward payout, please enter your email address

below, we will contact you in case you are selected. REMEMBER that your answers will be treated with complete

confidentiality, and they will be analyzed in an anonymous form. Please enter your email address here if you wish to

be considered for the reward:
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