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Abstract

The market reaction to non-financial information has received an increased amount of atten-

tion as responsible investments expand. There is uncertainty regarding the degree markets

can effectively price non-financial information, such as environmental, social, and governance

(ESG) factors. Hence, empirical evidence to support the link between ESG and financial

performance could resolve the ambiguity in financial motives to invest responsibly. This

paper provides the field with a tool to investigate the relationship between non-financial in-

formation and financial performance. A selection method, based on predetermined inclusion

criteria was constructed. News articles acted as proxies for market information and stock

price behaviour as financial performance. Negative news articles related to ESG formed

the foundation for incident identification in the event study which enabled investigation of

post-event financial performance. Event study methodologies such as the market model,

buy-and-hold abnormal return, and calendar time portfolio approach were applied. Esti-

mations found short-term negative cumulative average abnormal returns of −1.69% over an

event window of +-10 days. Long-term abnormal returns for holding period of 12, 24, and

36 months show lasting negative returns of −6%, −10.54%, and −17.84%. Conclusively,

immediate negative stock price reaction supports the precision of the constructed selec-

tion method. Both short- and long-term negative abnormal returns indicate a connection

between corporate financial performance and ESG. Persistent negative abnormal returns

imply an increased cost of capital and lowered operational earnings for inflicted companies.

Overall, the presented empirical evidence could lead to increased investor awareness, better

decision making, and increased market efficiency.
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1 Introduction

1.1 Motivation

Five years of studies within Economics, Finance and Business Administration at Copenhagen

Business School cumulate to this master thesis. When following the developments in the

global financial markets and business landscape over this time period, it has been inevitable

not to witness the increased importance and focus on firms and investors role in the global

challenge of achieving long-term sustainable growth.

A vast scope of forces has fueled this mega-trend over the last two decades. The financial

crisis that followed the U.S. mortgage crisis in 2008, showed how interconnected the worlds

capital markets has become and the devastating impact a systemic financial shock can have

on growth and stability of the economy. The crisis forced business leaders and financiers to

rethink the fundamentals of traditional business. Empowering the stakeholder view of the

firm, as a response to the public’s demand for sustainable capitalism, accountability and

transparency. Stricter regulations from governments have given firms clearer incentives to

address sustainability issues in operations. Infringement cases, such as oil spills, accounting

fraud and the use child labor, have shown the possible financial costs faced when violating

such regulations. Further, increased research on climate change and sustainable business

have educated the public and helped to drive a cultural shift towards sustainable capitalism,

highlighted by the increased emphasis on topics such as Corporate Social Responsibility

(CSR) and Socially Responsible Investing (SRI).

The intensification of this trend has to a large extent been led by institutional investors

increased ratification of including ethical impact and sustainability assessments to their in-

vestment policy’s. The main themes in assessing such non-financial information is commonly

categorized into the three factors Environmental, Social and Corporate Governance (ESG).

In 2006, the UN Principles for Responsible Investment (UNPRI) where launched in partner-

ship with the UN Environment Programme Finance Initiative (UNEP FI) and UN Global

Compact. The aim was to aid investors in incorporating ESG-factors into their investment

and ownership decisions. By signing the UN PRI, asset owners and investment managers

commit to implement the principles for responsible investments and report on their respon-

sible investment activities. Since its launch in 2006, the number of signatory members have

grown from 100 signatories representing USD 6 trillion asset under management (AUM)

to over 2300 signatories representing close to USD 90 trillion in AUM in 2019 (PRI, n.d.-

a). The increased capital allocation towards sustainable investments is also shown by The

Global Sustainable Investment Alliance (GSIA) report of USD 30,7 trillion of investments

with an explicit ESG strategy as of 2018, representing a 34 percent increase since 2016
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(GSIA, 2018).

As indicated by these numbers, the investor community have taken on a central role in

pushing the sustainability agenda forward over the recent years. In his annual letter to

CEO’s in the beginning of 2020, CEO of the world’s largest asset manager Blackrock, Larry

Fink, said his firm would avoid investments in companies that “present a high sustainability-

related risk”. Accordingly, Blackrock would make investment decisions with environmental

sustainability as a core goal and the rationale behind this decision was based solely on a

business perspective (Fink, 2020; Sorkin, 2020).

Despite the massive capital inflows into sustainable investments and an increased extensive

academic research contribution on the topic of ESG investing over the last ten years, there

has yet to be proven a clear link between ESG and financial performance. Some argue

that integrating ESG screens and considerations must necessary lower expected returns and

correspondingly give premium for “sin” stocks (Hong & Kacperczyk, 2009). Other finds that

sustainable investing leads to greater returns (Edmans, 2011; Nagy et al., 2015).

The opposing views across and among academic research and practitioners points towards

a lack of common understanding on how to value ESG factors and absence of standardized

and mainstream tools to assess ESG risk. In order for stock markets to be efficient, they

are not only dependent on information to function correctly, but also the knowledge of how

to evaluate the available information. The purpose of this paper is to evaluate how market

participants respond to the reportage of environmental, social and corporate governance

related corporate misbehavior, and whether the effect of such news on stock performance

have intensified throughout a period of changes in investors’ appetite for ESG investments.

By this, the authors hope to derive a greater understanding of market efficiency in the age

of sustainable investing.

1.2 Problem Statement

1.2.1 Field of Investigation

This thesis concerns the fundamental field in the finance literature of market theory. In the

field of empirical finance, market theory concerns the degree of market efficiency. Market

efficiency theory regards how information is reflected in market prices, more specifically

how efficient markets are in pricing new information. The field of ESG investing concerns

incorporating non-financial information in investment decision-making, such as pricing the

risk of climate change, white collar crime and discrimination. The degree to which markets

are able to efficiently price such non-financial information is currently an open question and

of great interest for investors.
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1.2.2 Research question

The research question proposed in this paper is derived from a hypothesis that the increased

attention to ESG among investors could materialize in stock price behavior. More specifically

how stock price is influenced by ESG-related company specific news. The research question is

thus concerned with the impact of non-financial information on company’s stock prices. The

objective is to determine whether negative ESG-related instances carry a significant impact

on stock price, and if that is the case, whether the market reflect the full effect immediately

in accordance with market efficiency.

The thesis statement is synthesised into two research questions (1 & 2), and two conditional

sub-questions (i & ii):

1. Does negative ESG related news impact stock price behavior in the short term?

2. Does negative ESG related news impose a long term effect on stock price behavior?

If negative ESG related news leads to an impact on stock price, does the effect of the

event:

i Differ for ESG - factors?

ii Change over the time period of 2004 to 2019?

To summarize, the thesis is concerned with how markets react to ESG-related events. Addi-

tionally, the research investigates if the effect of the event vary for the different ESG factors

or over a time period with increased focus on sustainable investing.

1.3 Method

Several methods were used to test impact on stock price from ESG related news. The

thesis use event study methodology to draw inference of the population from a sample. The

sample consists of companies affected by a negative ESG-incident. Events are identified

through media coverage of incidents related to ESG. Financial performance surrounding

the events are measured by stock price development. Abnormal returns was detected by

applying popular financial event study methodologies, such as the market adjusted model,

market model, buy-and-hold abnormal return and calendar time portfolio approach. All

things considered, the methods applied aided the investigation of the relationship between

ESG and corporate financial performance.
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1.4 Scope and Delimitation

The scope of the thesis aim to cover negative news related to ESG and stock price behaviour

after the news is published. Some natural delimitation’s follow from the scope of the paper.

The news article must be relevant to one of the ESG-categories, Environmental, Social or

Governance. In addition, the news article must have a negative sentiment. To be considered,

the news must be related to a specific company and the afflicted company must be listed on

a stock exchange. Further delimitation’s have been made to limit the scope of the paper.

The paper aims to investigate the stock price behavior over the last 15 years, from 2004 to

2019.

One potential source of influence on the findings, is the tool used to investigate the re-

lationship between ESG and corporate financial performance. For news articles the Dow

Jones Factiva Global News Monitoring & Search Engine was used. Factiva is regarded a de-

pendable source for news articles, in terms of dates articles were published and the content

provided. Although, the search engine gives access to over 33,000 sources, not all sources

are regarded equally trustworthy. In an attempt to control for trustworthiness, additional

criteria were included to secure reliable sources of information. Only news articles published

by The Financial Times, The Wall Street Journal and Reuters were included. Additionally,

the scope of the analysis covers only English articles.

Another delimitation was the proxy used for corporate financial performance. Stock price in-

formation was gathered to investigate the post-event company performance. Yahoo Finance

was used to collect daily stock price for event companies. Other sources such as Datastream

and Bloomberg are considered more reliable. Still, stock price information should be depend-

able. Indices used to compare stock price behaviour was sourced from Bloomberg.

Factor model estimates were provided by French (French, n.d.). The risk-free rate used

was estimated from the 10-year T-bill denoted in US dollars. Risk-free rates should be

currency spesific, as different currencies carry different risk (Damodaran, 2020). As 245 of

290 event companies in the sample are listen on a US stock exchanges it is considered to have

little impact on overall estimates. Furthermore, portfolio constructions does not consider

transaction costs or restrictions on shorting.

R-studio version 1.2.1335 was used to analyse all the data and preform statistical tests

(RStudio Team, 2018). R is considered a powerful statistical computer program and well

equipped for the tasks at hand.
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1.5 Structure

The structure of the thesis can be divided into five main parts. The first part explore

and review current literature related to the field of investigation (section 2) and hypothesis

are formulated in section 3. The second part describe and elaborate on the method of

investigation (section 4 & 5 ). The third part presents findings from the study (section 6),

and the fourth part discuss and analyse the presented findings (section 7 & 8). The last part

discuss limitations (section 9), concludes the study (section 10) and suggest areas for future

research (section 11).

2 Literature Review

The literature review was organized to give an introduction to responsible investment, mar-

ket theory, and previous studies on the relationship between ESG and financial perfor-

mance.

2.1 Responsible Investment

Socially responsible investment, also known as sustainable investment, is the practice of in-

vestment selection based on the maximization of both social and financial benefits. ESG

is a reference to the three main components, environmental, social, and corporate gover-

nance, used to assess the sustainability aspect of an investment. SRI is thus an investment

strategy that incorporates ESG factors into traditional financial analysis, to get a broader

understanding of investment risks and opportunities. Whereas, corporate social responsibil-

ity incorporates social goals in managerial decision making. There is an increased interest

in sustainability both from investors and corporations.

The development of SRI can be observed from the increased number of investment insti-

tutions that have adopted the Principles for Responsible Investment, growing from 800

signatories in 2010 to over 2300 signatories representing close to USD 90 trillion AUM in

2019 (PRI, n.d.-a). PRI is a voluntary and aspirational set of investment principles that

offers a menu of possible actions for incorporating ESG issues into investment practice (PRI,

n.d.-a). Inherently, there has been a steep rise in the number of companies that believe CSR

information is of interest to investors. While less than 20 companies disclosed ESG data in

the early 1990s, the number of companies issuing sustainability reports had increased to over

9000 in 2016 (Amir & Serafeim, 2018). Among the largest 250 corporations, 93% report on

CSR (KPMG, 2017).

In tact with these developments, ESG data have become more available and institution-

alized through large data providers such as Bloomberg, Thompson Reuters, and Morgan
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Stanley Capital International (MSCI). A whole new business area of more specialized ESG

data providers and rating agencies such as Sustainalytics, Reprisk, and RobecoSam has also

appeared as investors seek to integrate ESG analysis to their investment decisions in more

sophisticated ways (Huber et al., 2017).

Sustainable investment encompasses the following activities and strategies (GSIA, 2018):

1. Negative/exclusionary screening

2. Positive/best-in-class screening

3. Norms-based screening

4. ESG integration

5. Sustainability themed investing

6. Impact/community investing

7. Corporate engagement and shareholder action

Albeit an apparent focus on sustainability, the main motive of ESG investing remains fi-

nancial performance. In their report on sustainable investments based on surveying 135

institutional investors and hedge funds, KPMG finds that sustainable investing primarily is

about future-proofing portfolios against the impending risks in the separate areas of environ-

ment, social, and governance (KPMG, 2020). The same survey report that investors not only

want their fund managers to screen out bad activities such as tobacco, pollution, defence

weapons, and bad labour practices, but also to target positive ESG outcomes. The tradi-

tional risk-return equation is thus being rewritten to include ESG, in the belief that these

factors have become material for investment returns, as the society tackle environmental and

social challenges (KPMG, 2020).

By surveying institutional investors representing 43% of global institutional AUM, researchers

from Oxford University and Harvard University finds supporting evidence. The clear ma-

jority of the investors (82%) use ESG information to make investment decisions because

it’s perceived as financially material to investment performance (Amir & Serafeim, 2018).

According to their research, negative screening is perceived as the least beneficial investment

style and to a larger extent driven by product and ethical considerations. ESG integration

is in contrast seen as the most beneficial and is thus driven by relevance to investment

performance. (Amir & Serafeim, 2018).

Both surveys find the key challenge for investors to integrate SRI is the lack of quality and

consistent sustainability data (Amir & Serafeim, 2018; KPMG, 2020). In order to make a

more consistent ESG assessment, investors require comparable, reliable, quantifiable, and
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timely ESG data (Amir & Serafeim, 2018). The key driver for integrating SRI among

investors rests on the opportunity to generate alpha. However, the financial literature on

sustainable investing does not share a common ground on the relationship between ESG and

financial performance.

The view of ESG and financial performance has changed over time, and still remains some-

what ambiguous. Neoclassical economic theory states that the only social responsibility of

the firm is to maximize firm value (Friedman, 1970). Under the assumption that the costs

of ESG activities which exceed the legally required minimum outweigh the benefits, ESG

is not in the interest of shareholders as it would reduce firm value (Vance, 1975; Wright &

Ferris, 1997). The more recent stakeholder theory and resource-based view argues that ESG

activities might be a source of competitive advantage and long term value maximization

(Fatemi et al., 2015; Jensen, 2001; Malik, 2015; Porter, 1991; Porter & der Linde, 1995;

Porter & Kramer, 2006, 2019).

2.2 Market theory

On an aggregate level market theory can provide insight into the efficiency of responsible

investment. Market theory provides fundamental insights into the function and behaviour

of stock markets. It is assumed that traditional investment strategies follow a Markowitz

portfolio selection where asset prices follow a random walk and market prices reflect all

public information. This theoretical proposition is used as a framework to relate the pub-

lished information of ESG-related incidents to stock market behaviour. The Capital Asset

Pricing Model (CAPM) is used to form a theoretical foundation for expected asset price

returns.

2.2.1 The Efficient Market Hypothesis

Market efficiency is grounded on the notion that stock markets follow a random walk. Past

returns are not able to predict future returns (Kendall & Hill, 1953). The market consists

of investors who seek information on future favorable market performance. Stock prices are

regulated by market participants reactions to new information. The new information, by

definition, is unpredictable. The market efficient hypothesis states that stock prices reflect

all available information. Hence, stock prices move randomly (Malkiel & Fama, 1970).

Competition is seen as a primary factor in market efficiency. Investors will have incentives

to spend time and resources to uncover new information only if it is likely to generate higher

returns (Grossman & Stiglitz, 1976). Thereby, competition for information ensures that

markets stay efficient and stock prices reflect all relevant information.
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Versions of the Efficient Market hypothesis differ in their notions of what is meant by the

term “all available information”.

1. Weak-form stock prices already reflect all information that can be derived by examining

market trading data such as past prices

2. Semi-strong-form all publicly available information regarding the prospect of a firm

must be reflected already in the stock price

3. Strong-form stock prices reflect all information relevant to the firm, including informa-

tion available only to company insiders

2.2.2 Markowitz portfolio selection

Modern portfolio selection was generalized by Harry Markowitz which established efficient

diversification. Investors are mean-variance optimizers and seek to select portfolios that

maximize return and minimize risk. Portfolio selection is divided into two problems, defini-

tion of the efficient assets based on return and risk, and optimal portfolio selection based on

risk preference. The efficient assets, which dominate other assets based on risk and return,

make up the efficient frontier. The efficient frontier is equal for all investors. If all investors

can borrow at the same risk-free rate they would all select the same portfolio, the market

portfolio. The market portfolio is the tangency portfolio between a linear line from the risk-

free rate to the efficient frontier, called the Capital Market Line. All investors would hold

one part risk-free asset and one market portfolio based on their risk preference (Markowitz,

1952).

2.2.3 Capital Asset Pricing Model

The Capital Asset Pricing Model derives from the efficient market hypothesis and Markowitz

portfolio selection. In the simple CAPM, the risk premium is proportional to the systematic

risk, and there is no firm-specific risk. Each investor identifies an efficient risky portfolio

that follows the Markowitz process. CAPM assumes that all investors share an identical

investible universe.

The logic underlying the CAPM is that the only reason for a stock to provide a premium

over the risk-free rate is that the stock impose systematic risk and the investor must be

compensated. A positive alpha implies a return without risk. Investors will search relentlessly

for positive alpha portfolios, bidding up their price, until they converge to normal rates of

return, and there is no demand for negative alpha portfolios until the price drops and alpha

is zero. When alpha is zero, investors will settle for a well-diversified portfolio.
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CAPM is an example of a dominance argument, implying that all investors hold mean-

variance efficient portfolios. If a security is mispriced, investors will tilt their portfolios

toward the under-priced and away from the over-priced. Equilibrium prices shift as a result

of the pressure created from a large number of individual investors making small changes to

their portfolio.

2.2.4 Discussion of market efficiency

Supporters of the efficient market hypothesis believe in two main criteria determining whether

markets are efficient. The first part is that financial markets are successful in reflecting new

information rapidly and accurately, and the second is that financial markets do not al-

low investors to earn above-average returns without accepting above-average risk (Malkiel,

2011).

Many investors and researchers have disputed the hypothesis of efficient markets both em-

pirically and theoretically. The emerging field of behavioural finance points towards psycho-

logical and behavioural elements as important determinants for stock price behaviour, and

argue that future stock prices are somewhat predictable on the basis of past stock price be-

havior (Gupta et al., 2014). Behaviourists argue that market inefficiencies can be attributed

to combinations of cognitive biases such as overconfidence, overreactions, information bias,

and other predictable human errors. Behavioural economist and Nobel Laureate Richard

Thaler have argued that by taking advantage of such patterns, investors can make abnor-

mal risk-adjusted returns (Malkiel, 2011). Modern market theory sheds new light on the

traditional market efficiency theory and the assumption of rational market behavior.

Empirical evidence of the efficient market varies, but have generally disputed market ef-

ficiency in strong form (Barr Rosenberg & Lanstein, 1985; Basu, 1977). More specifically,

researchers have emphasized anomalies, such as positive abnormal performance for strategies

incorporating low P/E (price-to-earnings) ratios, low P/B (price-to-book), and overreactions

to earnings releases, as evidence against the efficient market hypothesis (Barr Rosenberg &

Lanstein, 1985; Dreman et al., 2020). Excess volatility, relative to expected volatility esti-

mated by market efficiency models, observed at times of market distress has been argued

as particularly contradicting to the market efficiency theory (Shiller, 2003). Such anomalies

challenge the theory of efficient markets.

Market theory and the Capital Asset Pricing Model has been revised in light of the mounting

evidence of market anomalies. Abnormal returns which were inconsistent with the traditional

CAPM led to its revision. Researchers have in large moved to the Fama and French Tree and

Five-Factor model to account for the most accepted anomalies when measuring abnormal

returns.
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2.2.5 Responsible Investing and Market Efficiency

Recent studies have suggested that SRI may lead to weaker market efficiency. Using the

notion that ESG investor faces constraints when searching for alpha, in that they tend to

focus more one ESG performance and devote less attention to quantitative signals of value,

Cao et. al. (2020) find that socially responsible institutions react less to mispricing signals

than other firms unconstrained by ESG. Socially responsible investors are thus less likely

to buy underpriced stocks with bad ESG performance or sell overpriced stocks with good

performance, which in turn affects price efficiency (Cao et al., 2020). There is no room

for social preference in the classic capital asset pricing model, only risk and return. The

researchers conclude that socially responsible investors may underperform because of their

ESG preference, when measured from a risk-return perspective in a classic asset pricing

model.

A risk-return portfolio selection measure that incorporates ESG provides a greater under-

standing of investor preference. Pedersen et. al., (2019) estimate an empirical ESG-efficient

frontier and finds that equilibrium asset returns satisfy an ESG-adjusted capital asset pricing

model. The study shows that the relationship between ESG and expected return depends on

the intensity of investors with ESG preferences. More specifically the study finds that when

there are many ESG unaware investors, high-ESG stocks deliver high expected returns, as

such stocks are profitable but not bid up to high valuations by ESG unaware investors. In

contrast, when the economy has many ESG motivated investors, i.e. socially responsible

investors, then high-ESG stocks deliver lower expected returns, as ESG motivated investors

willingly accept lower returns for a portfolio with higher ESG (Pedersen et al., 2019). By

showing this dynamic relationship between ESG and expected returns, their research bridges

the gap between opposing views in the literature of whether ESG is a positive or negative

predictor of expected returns.

2.3 ESG and Corporate Financial Performance

A review study from over 2000 empirical studies found ESG criteria and corporate financial

performance (CFP) to be positively correlated (Friede et al., 2015). Still the business case of

responsible investment remains ambiguous (Camilleri, 2015; Cohen et al., 2011; EY, 2015;

Riedl & Smeets, 2017). The ambiguity of ESG investments might be due to the limited

portfolio-related studies which exhibit positive correlations between ESG and CFP (Bauer

et al., 2005; Peloza, 2009; Revelli & Viviani, 2015). The reasons for the limited positive

correlations are discussed by Friede et al. (2015) as either due to noise where the ESG alpha

is concealed by overlapping market and non-market factors. Accordingly, the alpha could be

distorted by a portfolio consisting of negative and positive ESG-screened funds, or because of
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fees and trading costs which distort real correlation patterns. Previous empirical findings are

divided into negative, no, and positive correlation between ESG and CFP. Friede et al. (2015)

found that 90% of studies exhibit a positive correlation. However, once screened for portfolio

investment performance, the studies reporting a correlation decrease. All things considered,

as correlation is not causality such findings should be interpreted with caution.

2.3.1 Negative correlation

The evidence of negative correlations between ESG activities and CFP is limited (Friede

et al., 2015). The theoretical foundation for underperformance is supported by the efficient

market hypothesis. If the market consists of responsible investment-driven investors that

screen out unsociable assets, one would in theory observe a negative correlation between

sustainable assets and CFP. ESG driven investors would then pay a premium for their

investment preference. The evidence to support such a claim stems from what has been

classified as ”sin” stocks. Traded companies involved in alcohol, tobacco, gambling, adult

entertainment, or weapons industry. Institutions and investors that abstain from ”sin” stocks

are subject to a financial cost. Negative screens on ”sin” stocks lead to under-priced assets

compared to fundamental value. Hence, from a theoretical perspective sin stocks should

have higher expected returns than otherwise comparable stocks (Hong & Kacperczyk, 2009).

Vice versa, sustainable companies can be overvalued and yield lower expected returns than

otherwise comparable stocks. To summarize, negative correlations between ESG and CFP

can be supported from a theoretical perspective such as the efficient market hypothesis.

2.3.2 No correlation

In a meta-analysis of 85 studies and 190 experiments, Revelli and Viviani (2015) found no

additional financial costs or benefits from SRI compared with conventional investments. The

paper also investigates a publication bias as there tends to be a propensity towards analysis of

published studies. Research which present statistically significant or potentially interesting

results have a higher likelihood of being published than research with non-significant or no

results (Song et al., 2000). Publication bias type I and II distinguish between distribution

of positive and negative effect and significant and insignificant effect, respectively. The

significant results dominate, which suggests a presence of the type II publication bias (Revelli

& Viviani, 2015). Altogether, type II publication bias might explain the prevalence of

literature exhibiting significant correlations between ESG and CFP.
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2.3.3 Positive correlation

Observations from operational and stock market performance support a positive correlation

between ESG and CFP. Based on 200 academic studies Clark et. al. (2015) find that (Clark

et al., 2015):

• 90% of reviewed studies on cost of capital indicate lower cost of capital for companies

with high sustainability standards

• 88% of the considered studies argue that strong sustainability routines indicate better

operational performance, which translates to cash-flow

• 80% of the studies suggest a positive relationship between efficient sustainability prac-

tices and investment performance

The trade-off between sustainability and corporate financial performance in portfolio man-

agement is debated. The ”ESG tilt” strategy, along with the ”ESG Momentum” strategy

have both shown outperformance relative to the market. The former gives more weight to

stocks with higher ESG ratings and the latter give more weight to stocks that recently im-

proved ESG ratios (Nagy et al., 2015). Conclusively, both these strategies have shown that

there is not necessarily a trade-off between sustainability and performance.

Another study investigated the relationship between employee satisfaction and long-run stock

returns and found a significant alpha (Edmans, 2011). The interpretation of these results

can be that the stock market does not fully value intangibles. To summarize, research finds

that certain socially responsible investing strategies may improve returns.

2.4 Impact of individual ESG factors

Previous studies focus on the relationship between Corporate Financial Performance and

the individual E, S, and G categories. Some studies measure the effect of the individual

factors on CFP in order to determine the degree of correlation, both positive and negative.

While others seek to determine which factors carry the strongest impact on returns. As

the relationship between ESG and financial performance are not always directly observable,

proxy metrics are often used to measure the connection.

2.4.1 Environmental

Financial and Environmental performance have been linked by previous studies. Several met-

rics for environmental performance have been applied to study the relationship. Event stud-

ies of stock price reaction to environmental announcements indicate a correlation between

environmental performance and stock price behaviour. Good environmental announcements
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have a positive impact on stock price, and bad environmental news has a negative impact

(Flammer, 2013; Klassen & McLaughlin, 1996). One study also points to more severe nega-

tive returns in connection to the release of toxic waste (Capelle-Blancard & Laguna, 2010).

Some argue that firms that pollute more carry an implicit environmental risk. The argu-

ment is based on a lower market value among firms with high levels of pollution (Cormier

& Magnan, 1997; Hamilton, 1995). An environmental performance metrics ”eco-efficiency”,

economic value created relative to the waste produced by a company, has been connected to

corporate financial out-performance (Derwall et al., 2005).

It might however be difficult to find metrics that isolate the environmental aspect from

other corporate performance measures, such as security and efficiency. If a plant has more

explosions it might just as well be an indication of lack of control. Whereas, an ”eco-efficient”

company can arguably also be classified as an efficient company, and hence more profitable.

One study investigates the loss of market value compared to the fees imposed by violations of

environmental law. The relationship was negative, showing that a violation of environmental

regulation lead to a negative impact on the stock price. The measured negative effect was

however proportional to the legal penalties imposed on the company. Consequently, there

was no additional cost to environmental violations, such as reputation penalties (Karpoff

et al., 2005). Hence, previous findings does not necessarily contest the market efficiency

view.

Karpoff et al. (2005) use the market model and find that the average abnormal stock return

for initial press announcements containing allegations of environmental violations is −1.69%.

On average the combined legal penalty imposed equals 2.26% of company share value based

on findings between 1980 and 2000.

Out-performance might also be difficult to measure and highly depend on the estimate for

expected return. Some argue that the Fama and French Three-Factor Model might yield

a sub-optimal estimate of the expected return. The book-to-market ratio decrease with

corporate environmental performance, hence abnormal return might not be captured by the

factor model (Galema et al., 2008).

2.4.2 Social

Previous empirical results indicate a positive correlation between proxies for good social

conduct and corporate financial performance (Edmans et al., 2014). The research suggests

a persistent long term positive alpha associated with social metrics such as employee sat-

isfaction. The presence of persistent abnormal returns, indicate that markets might be

ill-equipped to price social factors such as employee satisfaction. However, correlation does

not necessarily implicate causality. One might argue that successful companies are also
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correspondingly more social. As previously discussed, the interconnection of measurement

metrics might have implications on the results. In effect, the relationship between social and

financial performance becomes blurred.

Another measure for social performance is CSR Benchmarks, such as the Domini 400 Social

Index. Significant negative abnormal returns have been reported from companies that exit

the index between 1990 and 2004 (Becchetti et al., 2012). One study found a negative two-

day cumulative abnormal return of −1.2% for companies that announce layoffs between 1990

to 1995 (Chen et al., 2001). The study used the Wall Street Journal Index to identify US

companies that made layoff announcement, as a proxy for negative social performance. One

could argue that companies that fall off indices or have to layoff employees are not doing

well financially. Again the metrics might not be able to only capture what investors view as

inappropriate social behavior, but also the financial impact.

2.4.3 Governance

There has been an inclination towards the connection between governance and corporate

financial performance in prior studies. The preference for governance related studies might

be supported by the claim that it is easier to quantify the quality of corporate governance

and measure its financial consequences, compared to environmental and social factors (Clark

et al., 2015).

The level of Governance performance has been tracked by an ”entrenchment index”. The

index measures the degree of board and management entrenchment, such as poison pills.

The index was found to have a negative correlation with firm value (Bebchuk et al., 2009).

The findings are supported by other research on investor rights and firm value (M. Cremers

& Ferrell, 2014). One study was able to obtain an annual abnormal return of 8.5% by

going long firms with good governance, and short companies with bad, measured as investor

rights, between 1990 to 1999 (Gompers et al., 2003). A second study that also use the

long-short strategy found an annualized abnormal return of 10 to 15% between 1990 and

2001 (K. J. M. Cremers & Nair, 2005). The above-stated studies support the evidence of a

positive correlation between governance and CFP.

To measure the reputational cost imposed by market reaction to accounting misrepresenta-

tion, one study compared loss in market value to legal penalties. The study finds that the

reputational losses exceed the legal penalties by over 7 times, for companies pursued by the

SEC for financial misrepresentation from 1978 to 2002 (Karpoff et al., 2008). An indication

that Governance misdoing is harshly punished by markets. The excess loss of market value,

compared to legal penalties, might also be a correction to information of actual financial

statements uncovered from accounting fraud. The reduced company value might also be
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explained by managers occupied with legal proceedings and not value maximization.

Other studies highlight detection problems induced from the study design of the relationship

between CFP and individual ESG factors. Some point to the sensitivity of the impact on the

stock price for different time horizons, estimation methods, and specificity of the case (Bauer

& Braun, 2010). One study addresses the statistical issues invoked by industry clustering

and argue that adjustment for clustering removes any significant abnormal return (Johnson

et al., 2009).

Empirical evidence has yet to support any superior correlation between corporate financial

performance and a single ESG-factor (Friede et al., 2015). Even though, existing literature

has a bias towards governance-related studies (Clark et al., 2015).

2.5 Geographical dependent ESG effect

Previous literature indicates a geographical dependency of the relationship between corporate

financial performance and ESG. The geographical distribution of ESG related incidents has

also been studied. The evidence of differential correlation between CFP and ESG for different

areas of the world are inconsistent. Some studies argue that US stocks have a significantly

stronger relationship to ESG (Allouche & Laroche, 2006; Dixon-Fowler et al., 2013). Others

argue the opposite (Albertini, 2013; Golicic & Smith, 2013). The discrepancy of evidence

illustrates the inconclusiveness of previous literature. Friede et al. 2015 find that developed

markets excluding North America exhibit fewer positive correlation studies compared to

emerging markets.

Some areas are identified as more incident heavy. Sustainalytics found that 40% of all

incidents occurred in the US. In total the top three countries, US, UK (6%), and India (5%),

make up 52% of all incidents. When GDP is taken into consideration Kenya tops the list,

with Germany at the bottom (Morrow et al., 2017).

2.6 Market Capitalization and ESG effect

A connection between market capitalization and the number of incidents has been identified.

By investigating the number of incidents for market cap groups Sustainalytics found that

large market cap companies have a tendency to be involved in more incidents. Mega cap

(> USD 200bn.) are on average involved in 106 incidents per company, large-cap (USD

10-200bn) 15 incidents, mid-cap (USD 2-10bn) four, and small (0.3-2bn) and micro-cap (<

USD 0.3bn) three over the period from 2014 to 2016 (Morrow et al., 2017). If one argues

that incidents are media-driven, the disproportionate amount of incidents can be explained

by the considerable media attention given to large companies compared to small.
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2.7 Industry and ESG

Sustainalytics analysis of 29,095 instances found that the ten most exposed industries account

for 60% of all incidents (Morrow et al., 2017). Banks made up 19% of all incidents, followed

by:

2. Food products

3. Diversified Financials

4. Oil & Gas Producers

5. Consumer Services

6. Utilities

7. Food retailers

8. Automobiles

9. Transportation

10. Diversified Metals

Distinctive industry practices can lead to a higher number of incidents, for example, the

oil and gas industry is more exposed to environmental risk than consumer services. The

formulated keywords might be disproportionately targeted at one sector, for example money-

laundering is mostly targeted at the financial sector. Media bias does also impact the

exposure of industries with larger companies on average. Finally, the size of the industries

will influence the number of incidents.

2.8 ESG effect over time

To the question of whether the ESG effect is consistent over time the results are dispersed

with no definitive answer (Albertini, 2013; Endrikat et al., 2014; Revelli & Viviani, 2015;

Rubera & Kirca, 2012). Even though, it is pointed out that theoretically the increased aware-

ness of ESG, observed through an increased amount of UN PRI participants, a decreasing

ESG alpha would be expected from the learning effects of capital markets (Friede et al.,

2015). Sustainalytics find the number of incidents increased from 2014 to 2016 (Morrow

et al., 2017). Whether the effects of the events on capital markets increased or decreased is

unknown.
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2.9 Identification of gap in literature

Theory and previous literature provide a conflicting view of responsible investment. From a

market efficiency point of view there would be no abnormal returns attainable for any invest-

ment strategy. Furthermore, on a company level when it comes to social responsibility only

what is deemed a legal requirement should be pursued. Still, event studies find that compa-

nies which exhibit corporate social responsibility, either related to social, environmental or

governance can outperform the market. Current literature also points to underperformance

in events of unacceptable environmental, social or governance-related action.

Previous research suggests a bias towards long term investigation of positive corporate be-

haviour and short term investigation of negative corporate performance. Additionally, liter-

ature tends to have an ex-post approach to sustainable corporate performance, where events

are defined and investigated after the magnitude of the event becomes known. An insuffi-

cient amount of research has been done on ex-ante methods for the detection of ESG-related

events.

The reviewed literature provides no clear guidance on how investors should integrate the

information of ESG-incidents into their investment decisions. More specifically, how to

better assess the impact of negative ESG related news.

3 Hypothesis Formulation

The hypotheses were derived from the problem statement and the review of current literature.

This paper aims to investigate the stock market behaviour after an ESG-related event, both

short and long term. The hypotheses are therefore formulated to provide a testable thesis.

Two null hypotheses (H0) were derived based on stock price behavior over different time

horizons. The approach to test the hypotheses is to prove the null hypothesis false, which

would mean that the opposite, the alternative hypothesis (HA), is true.

3.1 Short term hypothesis

There are reasons to believe that the short term stock price behaviour will be impacted

negatively in the short term after an event. Therefore, the short term hypothesis is one-

sided and aims to disprove that there is no significant negative stock price effect over an

event window of 21 trading days (+-10 days from event day).

3.1.1 Null hypothesis (H0): Short term effect

H0: the short term abnormal return is not significantly lower than zero over the event window

of 21 trading days.
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3.1.2 Alternative hypothesis (HA): Short term effect

HA: the short term abnormal return is significantly lower than zero over the event window

of 21 trading days.

3.2 Long term hypothesis

Since the long-term evidence for post-event stock price behavior points to both over- and

underperformance, there is more uncertainty of the long-term impact on stock price. Hence,

the long-term effect hypothesis is two-sided, and aims to uncover whether the long term

abnormal return is significantly different from zero, either higher or lower (12/24/36 months

after the event).

3.2.1 Null hypothesis (H0): Long term effect

H0: the long term abnormal return followed by an instance is not significantly different from

zero.

3.2.2 Alternative hypothesis (HA1): Long term effect

HA1: the long term abnormal return followed by an instance is larger than zero.

3.2.3 Alternative hypothesis (HA2): Long term effect

HA2: the long term abnormal return followed by an instance is lower than zero.

4 Method

The selected methodology aims to provide results that can be tested and thereby answer

the hypotheses and problem statements. Awareness of the advantages and limitations of

common event study methods was gained through the review of past research.

4.1 Design

To measure the economic impact of ESG related incidents, the event study methodology was

applied. An event study seeks to measure the impact on the value of a firm from a specific

event by the use of financial market data. In financial research, event studies have been

applied to a broad range of firm-specific and economy-wide events, including mergers and

acquisitions, earnings announcements, issues of new debt and equities, and the announcement

of macroeconomic variables. In his paper “Event studies in Economics and Finance”, Craig

Mackinlay, outlines key elements in the event study methodology for financial research, which

are taken into account in this research paper (Mackinlay, 1997).

23



The first step of an event study is to define the event, the event window, and the estimation

windows. An event is defined as a publicly unknown ESG-related weakness that triggers

debate when information about it, is released to the public (Utz, 2019).

4.2 Event data collection

Primary data collection was performed to gather a sufficient sample of events. News articles

were classified as either environmental, social, or governance-related events, also referred to

as incidents. To provide transparency and replicability of the results, inclusion criteria were

defined in a checklist (see Appendix A). To secure a broad sample of incidents over a sufficient

period, the collection of data covers a period of 15 years, from 01/01/2004 to 01/01/2019.

The included news segment covers English articles from The Financial Times, The Wall

Street Journal, and Reuters under the assumption that they reach a large audience while

also regarded as respected financial news sources. Republished news, reoccurring market and

pricing data, obituaries, sports, calendars etc. were excluded as they are assumed to prove

no new market information. Hence, the articles are assumed to act as a proxy for market

information. Articles were identified through the Factiva search engine based on generated

keywords targeted at ESG related instances.

Keywords were formulated based on the definition of ESG factors provided by MSCI and

the UN principles of responsible investment (MSCI, n.d.; PRI, n.d.-b). There is a trade-off

between broad and specific keywords. Broad keywords yield a high amount of results, both

relevant and irrelevant. Whereas, specific keywords yield fewer results in total, both relevant

and irrelevant, the proportion of relevant to irrelevant results might be higher. The keywords

used in this paper aims at a broad reach within the ESG framework. Factiva provides several

built-in search topics of relevance which was used. The final search terms can be found in

Appendix B. The search terms are used on full articles, not only the headings and main

paragraphs. As a result, the keywords were successful in identifying a broad specter of news

articles related to ESG scandals. However, the keywords were unrefined in a way that yielded

over 30.000 results for some individual searches.

Due to the limitations of the keywords each search was reviewed manually by two independent

raters. The raters used the checklist in Appendix A to determine whether an instance was

to be considered an incident. The evaluation criteria define what is to be considered an

incident. An ESG-incident was defined as a publicly unknown weakness in a firm that

triggers widespread debate when information about the event is released to the public (Utz,

2019). Widespread debate is interpreted as a minimum of three news articles from the

same news source regarding the same instance within a timeframe of 365 days or the same

instance mentioned by two or more independent news sources in a timeframe of 365 days.
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The assumption is that after this amount of media attention the instance is both serious

and widely recognized among the market participants. Factiva provides a list of 100 most

mentioned companies which were used to examine the results. All results linked to a company

identified under the 100 most mentioned companies were revised, a total of 34.000 search

results. A flow chart which describes the exclusion of data can be found in Appendix C. If

the event fell under the definition of an incident it was included in the database. The date of

the incident was set to the date where widespread debate occurred, thus either at the third

article from the same news source or at the second article on the same case from another

news source.

The collection of events consists of 290 instances. An event covers the related company, date

of first article, the date for widespread debate, and which ESG factor it is related to. The

case collection can be seen in Appendix D.

4.3 Stock market data and returns

Market data was collected from Yahoo Finance and Bloomberg. Stock price data for each

identified incident was gathered in R with the package ”quantmod”, which gives access to

Yahoo Finance stock price information (Bronder, 2020). The MSCI (Morgan Stanley Capital

International) World UCITS ETF (MXWO), a fund tracking the MSCI World Index, was

imported from Bloomberg, along with MSCI World Sector and Industry Group Indices.

Simple returns are used throughout this paper. The equation used to calculate simple

returns:

Simple returns (Ri) =
sit − si(t−1)

si(t−1)

(1)

Where,

Ri is the stock return for stock i,

sit is the stock price for stock i on trading day t, and

si(t−1)
is the stock price for stock i on trading day t-1.

Both daily and monthly stock prices were calculated with Equation 1. For daily returns,

consecutive trading days were used. For monthly returns, the last trading day of the previous

calendar month and last trading day of the current calendar month was used.

Monthly returns were in some cases converted to annual. The conversion was performed

with Equation 2:
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RA = (1 +RM)12 − 1 (2)

Where,

RA is annual return, and

RM is monthly return.

The conversion assumes continuous compounding.

4.3.1 Matched control sample

A matched sample of control firms for each event company was formed to control for industry-

specific factors, and to prevent new listing bias, skewness bias and rebalancing bias (discussed

further in section 4.7). The use of matched control firms as a benchmark for firm-specific ex-

pected returns should thus lead to well-specified test statistics (Barber & Lyon, 1997).

The matched control sample consists of similar firms as the event sample firms, but where

no negative ESG related event had been detected by the applied article search methodology.

Yahoo Finance’s stock screener was used to screen out a matched peer company for each

event firm, by screening for sector, sub-industry, region, and market value. After screening

for sector, sub-industry, and region where the firms are listed, the firm with market capital-

ization closest to the event sample company was chosen, given that peer had sufficient stock

market data covering the event horizon. The selection of return benchmark thus follows a

size/industry screening approach as done by various stock market event studies (Michaely

et al., 1995; Ritter, 1991; Spiess & Affleck-Graves, 1995).

While there exists no perfect proxy for emulating the expected non-event return of a security’s

return (Fama, 1998), several studies have been done to measure the statistical power of

different approaches. Barber & Lyon (1997) find that matching sample firms to control

firms of similar size and book-to-market ratios yield well-specified test statics, while Ang

and Zhang (2015) find the best performance by using the single most correlated firm as

the benchmark (Ang & Zhang, 2015; Barber & Lyon, 1997). Due to limited availability

to such screening methodologies, the aforementioned methods were not considered in this

study.

4.3.2 Market indices

As proxies for the global stock market, MSCI indices were used to measure returns of the

sample event firms against market benchmarks. The MSCI World Index is used as an

overall benchmark for the global stock market and serves as the simplest and most generic
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measure for market return. The composition of the MSCI World Index consists of roughly

similar country divisions as the event sample, but is to a larger extent dominated by the

information technology and healthcare sectors, compared to the samples overweight of banks

(MSCI, 2019).

MSCI Sector- and Industry Group indices were used as company-specific reference portfo-

lios. The 28 sector and industry indices were used to factor in industry-wide events when

estimating abnormal returns, as a measure to better isolate the share price reaction from

the analyzed ESG events. Accompanying the quantitative analysis of long-horizon abnormal

returns with these reference portfolios, will serve as a robustness check of the results.

Sector- and Industry Group indices where collected and matched to each specific sample

company based on GICS (Global Industry Classification Standard) to allocate the most

relevant industry index to each firm.

4.4 Calculation of abnormal returns

Abnormal stock price behavior would be an indication of whether the event collection method

successfully capture price driving ESG-incidents. Abnormal return, is the difference between

observed return and the expected return:

Abnormal Returns (ARi) = Ri − E(Ri) (3)

Where,

E(Ri) is the expected stock return for time i.

There are different approaches to estimate the expected stock return. In this paper several

methods for estimation of expected returns are deployed.

4.5 The Market Adjusted Model

The daily stock price returns were measured against the daily market returns to investigate

whether the instances were linked to abnormal stock price behavior. The sampled daily

returns for each stock were matched against the market return for the same date. Abnormal

returns were then measured as the daily simple stock return minus the daily return of the

market, as seen from Equation 4. The market return was estimated from the MXWO.

Daily Abnormal Returns (ARi) = Ri −RMi (4)

Where,
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RMi is the daily market return, calculated as simple returns (Equation 1).

The abnormal returns were then indexed to value 100 at the event day (t = 0), to isolate

the effect from the event on the stock prices from the next trading day after the event day.

The assumption is that at t = 0 the information is available to the market, but the investor

is first able to trade on the information, and gain the return, from the subsequent trading

day. The days before t = 0 was indexed by calculating the cumulative product of the daily

excess returns divided by 100. The days followed by t = 0 was indexed by calculating the

cumulative product of the daily excess returns multiplied by 100. By using indexing, the

cumulative effect of returns are measured through the event window.

4.6 Short-term abnormal returns

The short-term abnormal return investigation covers only a few days over an event window.

The event window is defined as (-10,+10) trading days surrounding the incident. To measure

the impact of the events on stock prices, abnormal returns were calculated during the event

window. The abnormal return is the actual ex-post return of the stock during the event

window minus the normal return of the firm in the same period.

The normal return is defined as the expected return conditional on that the event is not tak-

ing place (Mackinlay, 1997). Models that have been used in measuring short-term abnormal

returns for event studies include CAPM, the market model, and the constant mean model

(Khotari & Warner, 2006). The two most common are the constant mean model and the

market model (Mackinlay, 1997). The constant mean model assumes that the mean return

of a stock is constant over time, while the market model assumes a stable linear relationship

between the stock return and the market return. In this research, the market model was

used.

4.6.1 The Market Model

A standard market model was used to measure for cumulative abnormal returns related to

the news articles, defined by the following equation:

Rit = αi + βi ∗RMt + et (5)

Where,

Rit is the daily return for stock i at time t,

RMt is the daily market return at time t,

αi is the regression intercept for stock i,
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βi is the slope coefficient for stock i,

The market return (RMt) was calculated as the daily return (Equation 1) of the MXWO.

The parameters αi and βi are estimated from the regression of daily stock returns against the

daily market returns. The estimation period is set to 140 days before the event window. The

linear ordinary least squares (OLS) regression was applied, provided by the lm() function in

R.

To analyze short-term changes and to observe whether market participants react to the

incident before the event date, the event window was set to +-10 days. MacKinlay (1997),

suggests using 120 trading days before the event window as an estimation period. In this

research 140 days before the event window of +-10 days surrounding the incident date were

used.

The abnormal returns are defined as:

ARit = ri,t−(αi + βi ∗ rMt)

Here α and β are the OLS parameter estimates from the regression and abnormal return is

evident if the stock shows returns deviating from what the model proposes. In an efficient

market the abnormal return should thus equal zero. Brown & Warner (1985), examines the

properties of using daily stock prices and the market model methodology in event studies and

finds that the model is well-specified and powerful under a wide range of conditions.

The abnormal returns were calculated throughout the event window for each stock. Arith-

metic averages of daily abnormal returns were then calculated for the whole sample during

the +-10 days event window. The cumulative abnormal return in the event window was then

calculated for the sample, together with the variances and standard deviations. The same

procedure was then applied to the six sub-samples.

AARi = 1/N
N∑
i=1

ARi (6)

CARi = 1/N
T2∑

t=t1+1

ARit (7)

CAARi = 1/N
N∑
i=1

CARi (8)
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The CAR is the cumulative sum of AR. Since the AR is based on simple returns the CAR

is not time additive. The use of log-returns would make the compound effect appropriately

accounted for. However, the difference between log-returns and arithmetic returns is small

when the returns are daily over a short period (Aas, 2004). The use of log-returns would

impose some difficulties as it is not considered appropriate to take mean of log-returns.

Hence, it is considered appropriate to use simple returns over the event window.

4.7 Long-term abnormal returns

Many long-term studies have documented apparent abnormal returns spread over long hori-

zons (Fama, 1998; Khotari & Warner, 2006; Schwert, 2001). The evidence of long-term

abnormal returns contradicts the efficient market hypothesis that stock prices adjust to re-

flect information within a narrow time window. Fama (1998) counter the contradiction by

arguing that “Most important, consistent with the market efficiency prediction that apparent

anomalies can be due to methodology, most long-term return anomalies tend to disappear

with reasonable changes in technique.” Whether apparent long-term abnormal returns are

caused by mispricing, or simply as a result of measurement problems, is still an unresolved

issue among financial economists (Khotari & Warner, 2006).

Two important considerations that amplify when moving from a short-horizon event study

to a long-horizon event study, are an appropriate adjustment for risk and the right model

for expected returns. Minor errors in risk-adjustment can make large differences when calcu-

lating abnormal returns over longer horizons, whereas such errors make little difference for

shorter periods. Another aspect of risk adjusting in event studies concerns whether historical

risk estimates or post-event risk estimates should be used as the basis of calculating abnor-

mal returns, as the event may follow unusual apriori performance (Khotari & Warner, 2006).

Further, the choice of an appropriate model for expected returns remains an unresolved is-

sue in academia. As the purpose of an event study is to isolate the impact of an event on

price performance, the performance must be distinguished from other known determinants of

performance. Fama and French three-factor model, Carhart’s modified four-factor, or Fama

and French’s five-factor model is thus popular choices.

Another challenge with the measurement of long-horizon abnormal returns is misspecified

test statistics, i.e. that empirical rejection rates exceed theoretical rejection rates. In their

study on empirical power in long-run abnormal stock returns, Barber & Lyon (1997), iden-

tifies three main sources for misspecification: (1) New listing bias, (2) rebalancing bias, and

(3) skewness bias. Other scholars have also emphasized the (4) cross-sectional dependence

problem as well as the (5) bad model problem (Fama, 1998; Mitchell & Stafford, 2000a).
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If and how the above-stated biases produce misspecified test statistics depends on the method

used for detecting abnormal returns. New listing bias may arise as the event-study firms

generally have long post-event history of returns, while the firms constituting the refer-

ence portfolio or index often include new firms that started trading after the event month.

Rebalancing bias may occur because the returns of a benchmark such as a market index

often assume periodic rebalancing, while the returns of the sample firms are not rebalanced

(Barber & Lyon, 1997).

In long-horizon studies, skewness bias arises as stock returns are positively skewed over time.

This can especially be problematic in the buy-and-hold abnormal return (BHAR) approach,

which cumulates compounded returns over time. Cross-correlation bias tend to be evident in

long-term studies as (1) abnormal returns of sub-samples are likely to share common event

periods, (2) events may in some incidents come in waves (as earnings releases), and (3) some

industries may be over-represented in the sample (Khotari & Warner, 2006).

In their research on evaluating long-horizon event study methodology, Ang & Zhang (2015)

examine different testing procedures for the two main approaches that have been followed

in recent finance literature. The buy-and-hold approach uses a benchmark to measure buy-

and-hold abnormal returns for each event firm in the sample and tests whether the abnormal

returns have zero mean. The calendar-time portfolio (CTP) approach forms a portfolio in

each calendar month consisting of firms that have experienced an event within a given pe-

riod. Thereafter, the CTP approach tests the null hypothesis that the intercept is zero in the

regression of monthly portfolio returns against performance factors in a chosen asset-pricing

model. Followingly, each specific method require different methodology choices. Both meth-

ods possess different benefits and drawbacks, as discussed further in the following sections.

To strengthen the insight of the research and reduce dependency on one methodology, both

approaches are used when conducting the study.

4.7.1 Buy and Hold Abnormal Return

The buy-and-hold abnormal returns, also known as the characteristic-based matching ap-

proach, follows a methodology of calculating compounded monthly returns of the sample

firms measured against a particular benchmark for the same period. Mitchell & Stafford

(2000) describe BHAR returns as “the average multiyear return from a strategy of investing

in all firms that complete an event and selling at the end of a prespecified holding period ver-

sus a comparable strategy using otherwise similar nonevent firms.” A benefit from the BHAR

approach is that it emulates the actual investor experience (Barber & Lyon, 1997).

The use of a matched sample portfolio as a benchmark tackles the survivorship bias as

the companies in the reference portfolio stays the same throughout the examination pe-
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riod. This also solves the rebalancing bias since there is no rebalancing in the matched firm

portfolio, as compared to using a market index. The use of a matched control firm bench-

marks eliminated the skewness induced from long-horizon returns skewed distribution, as the

matched control firms are equally likely to experience large positive returns as the sample

firms. However, Mitchell & Stafford (2000) document that the right-skewness of long-horizon

abnormal returns on event portfolios may remain due to lack of independence arising from

overlapping return observations. This suggests that skewness is in part a by-product of cross-

correlated data rather than just a direct consequence of skewed buy-and-hold returns. As the

event days are not common and the sample firms are from a variety of different industries,

cross-correlation should be mitigated in the sample and the assumption of cross-sectional

independence should be reasonable.

To support the analysis, BHAR is also calculated by using matched MSCI World Sector

Indices and MSCI World Index as benchmark portfolios, even though the use of indexes may

lead to misspecified test statistics due to the aforementioned biases. This to shed light on the

great importance of the choice of benchmark when calculating long-horizon BHARs.

Monthly returns for match control firms, MXWO, and sector indices, calculated as described

in Section 4.3 with Equation 1. The long-term BHAR for each firm was then calculated for a

12-, 24-, and 36-month holding periods by using the matched control firm sample, matched

sector-indices and MSCI World Index as expected return benchmarks:

BHARi =
T∏
t=1

(1 +Rit)−
T∏
t=1

(1 +RBenchmark,t) (9)

Where, Rit is the monthly return of stock i for month t, and RBenchmark,t is the monthly

return for the different benchmarks used for calculating the sample firms expected returns

in the absence of an event taking place.

Mean BHAR returns are then calculated as simple equally weighted averages of the individual

stock BHARs:

BHAARi = 1/N
N∑
i=1

BHARi (10)

Where, N is the number of instances in the sample.

This is done for the whole sample as well as for the six sub-samples divided after ESG-

category and timeframe.
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Although appropriate sample size and well-constructed benchmarks should overcome the

discussed problems with poor statistical properties for individual firm BHARs, Mitchell &

Stafford (2000) highlights that problems associated with standard error estimates for BHARs

on non-random samples cannot easily be corrected. They argue that event samples are differ-

ent from random samples, in that event firms have chosen to participate in corporate action

while nonevent firms have chosen to abstain from the action (Mitchell & Stafford, 2000a).

An empirical distribution created by randomly selecting firms with similar characteristics

does therefore not replicate the co-variance structure underlying the original event sam-

ple. Mitchell & Stafford (2000) therefore suggest that statistical interference of traditional

BHAR methodology should be made with caution, and that some type of correction for

positive cross-correlations of individual firm BHARs should be made to reduce overstated t-

statistics. Potential methods to account for this is bootstrapped and pseudo-portfolio-based

statistical tests (Khotari & Warner, 2006). Another solution is to use the Calendar Time

Portfolio approach, which is immune to the bias arising from cross-correlated returns as the

event portfolio’s time series of returns in calendar time accounts for that correlation.

4.7.2 Calendar Time Portfolio Approach

The Calendar Time Portfolio (CTP) Approach is a method used to measure long term

abnormal returns followed by an event. The method can also be referred to as the Jensen

Alpha Approach. For companies related to an instance the stock price impact can be spread

over a longer period. Therefore, this paper seeks to investigate the price effect over a period

of one, two, and three years (T = 12, 24, 36 months) following the instance for each firm.

For every calendar month over the sample period of 15 years, a portfolio is constructed of

firms which have experienced an event within the previous T months.

The advantage of the CTP approach stems from the use of monthly returns and the fact that

portfolios are rebalanced each month. Monthly returns are less skewed, which makes the

approach less susceptible to the bad model problem. The variance of the monthly rebalanced

portfolio takes the cross-correlation of event firm abnormal returns into account, which solves

the issue of cross-sectional dependence. Furthermore, the distribution of estimated abnormal

returns are approximately normal, which allow for classical statistical inference (Fama, 1998;

Mitchell & Stafford, 2000b).

The portfolio construction does present some challenges. Due to the nature of the portfolio

selection, each month some companies are included in the portfolio while others are excluded,

the number of companies that make up the portfolio are not uniformly distributed over the

sample period. The variation in the number of companies over the sample period might

cause the error term to be heteroskedastic (Khotari & Warner, 2006). The CTP approach
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has also been criticized for a bias toward results consistent with market efficiency (Loughran

& Ritter, 2000). Anomalies can be understated if events bunch in time as a result of corporate

executives ability to time events and exploit mispricing (Loughran & Ritter, 1995). As a

solution calendar months are weighted by their statistical precision, which varies with sample

size.

The monthly portfolio return (Rpt) can be calculated on an equally or value-weighted ba-

sis. The equally weighted portfolio return give relatively more weight to small companies,

compared to value-weighted. Small companies can lead to reinforcement of bad model bias,

because model price errors are more common for smaller firms. One could also argue that

market value-weighted abnormal returns would yield results more similar to the holding pe-

riod return for an investor, as it better accounts for the total wealth effects experienced by

investors (Fama, 1998). However, when the sample portfolio includes only a small number

of sample firms a value-weighted portfolio might be dominated by the effect of the large

firms. The use of both factor models and expected return portfolios should reduce the im-

pact of bad model bias. Therefore, only equally weighted portfolios were considered when

the abnormal returns were estimated.

The monthly stock returns of event companies was used to estimate the monthly portfolio

return. For companies which experienced an event within the last T months the portfolio

return for month t was calculated as follows:

Rpt =
T∑
t=1

1

N
Rit

Where,

Rit is the monthly return of stock i for month t, and

N is the number of instances in the portfolio for calendar month t.

Companies that experience more than one instance within the last T months are not repre-

sented in the portfolio more than once. Hence, companies that have more than one instance

within the last T months are not more heavily weighted in the portfolio.

There are two alternative forms of the Calendar Time Portfolio Approach. The main dif-

ference is how expected monthly portfolio returns are estimated. One method uses a factor

model, such as CAPM, to estimate abnormal returns. The other uses either a market port-

folio or peer to estimate the abnormal return. In this paper both models will be accounted

for and used to asses whether there is a long term abnormal return.

The Factor Model
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The factor model alternative assumes the expected return is best explained by a factor

model. The monthly portfolio returns are regressed against the factors of the market model

to determine if there are any abnormal returns. In accordance with market efficient theory,

the regression intercept, alpha, should be zero in an efficient market. The accuracy of the

estimation does however depend on the market model’s ability to describe the market. If the

market model is accurate in its description, the estimate of expected or normal returns are

accurate and the regression alpha represents the asset mispricing. If not, the alpha represents

the model estimation error as well as the asset mispricing, known as the ”joint-test-problem”

where both market efficiency and asset pricing is tested at once (Malkiel & Fama, 1970).

Therefore, three different market models are used to describe normal returns. The CAPM

(11) and Fama and French three (12) and five (13) factor model.

Rpt −Rrf = αp + β(RMi −Rrf ) (11)

Rpt −Rrf = αp + β1(RMi −Rrf ) + β2SMBt + β3HMLt + εpt (12)

Rpt −Rrf = αp + β1(RMi −Rrf ) + β2SMBt + β3HMLt + β4RMW + β5CMA+ εpt (13)

Where,

αp is the average monthly abnormal return of the portfolio of event firms over the T-month

post-event period,

Rrf is the risk-free rate at time t,

SMBt is the difference between the return on the portfolio of “small” stocks and “big” stocks

at time t,

HMLt is the difference between the return on the portfolio of “high” and “low” book - to -

market stocks at time t,

RMWt is the difference between the most profitable companies over the least profitable

companies at time t, and

CMAt is the difference between the companies that invest conservatively and aggressively

for time t.

The factors used in the regressions are for developed markets provided by French (French,

n.d.). Rrf is estimated from the monthly return on a US treasury bill. RMi is the return on

a region’s value-weight market portfolio. The description of factors and their estimation can

be found in Appendix E.

To account for the heteroskedasticity and lack of weight attributed to executive timing the

OLS is replaced by a weighted least squares (WLS) model. The monthly abnormal returns
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in the WLS model are weighted by
√
Nt, where Nt is the number of event firms in month

t.

The Matched Control Sample

The market portfolio alternative assumes the expected monthly return is best described by

the monthly return of the matched control firm portfolio. The expected monthly return was

used to calculate the monthly Calendar Time Abnormal Return (CTARt). The monthly

Calendar Time Abnormal Return for time t was calculated as follows:

CTARt = Rpt − E(Rpt) (14)

Where,

E(Rpt) is the expected monthly return at time t.

The CARTt was used to calculate the mean monthly abnormal return MMCTART over the

entire sample period:

MMCTAR =
1

T

T∑
1

CTARt
1√
Nt

(15)

The Monthly Calendar Time Abnormal Return was weighted by the number of sample firms

for month t. The weighted mean gives more weight to months of high activity. The weights

are a way of dealing with the issue of heteroskedasticity introduced by the variation in the

number of event firms over the sample period (Dutta, 2015).

4.8 Significance tests

To test the formulated hypothesis of negative abnormal returns, test statistics must be

selected. To evaluate whether the model estimates are statistically significant, i.e. considered

not random, statistical tests are used. The selection of statistical tests depends on the sample

size and hypothesis formulation.

4.8.1 Short term hypothesis test

The market model regression estimate is used to calculate the daily abnormal return for

each event company. Since the full sample include 290 instances the Z-test is applied. Sub-

samples all contain more than 30 observations, which is why the Z-test is deemed appropriate

for the sample size. The short term null-hypothesis is one-sided:
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Null hypothesis (H0): the short term abnormal return is not significantly lower than zero

over the event window of 21 trading days.

Alternative hypothesis (HA): the short term abnormal return is significantly lower than zero

over the event window of 21 trading days.

The expected market reaction is negative, hence a one-sided Z-test is conducted to investigate

whether the abnormal return is significantly lower than zero. The left tailed test can be

denoted as:

Θ(Z)

Where,

Θ is the standard normal cumulative distribution function, and

Z is the critical value, which can be calculated as follows:

Z =
x̄− µ
σ/
√
N

Where X̄ is the mean cumulative abnormal return, µ is the mean of the underlying distri-

bution, which is set to zero under the null hypothesis, σ is the standard deviation of CAAR

and N is the number of observations in the sample.

The test provides the probability or certainty to which the estimated mean is lower than

zero given the estimated standard error of observations. For the z-test to be valid the mean

abnormal return, µ̂, is assumed to be approximately normally distributed:

µ̂ ∼ N(µ, σ2/n)

with a mean of µ and variance of σ2.

The approximation is arguably sufficient to test the validity of the null hypothesis. The

standard normal cumulative distribution used to look up the calculated critical value was

provided by the pnorm() function in R. The p-value obtained from the standard normal

cumulative distribution is used to evaluate at which significance level the null hypothesis

can be rejected.

4.8.2 Long term hypothesis test

The long term hypothesis is formulated as a two-sided proposition. If the long-term abnormal

return is different from zero, it can be either higher or lower:

Null hypothesis (H0): the long term abnormal return followed by an instance is not signifi-

cantly different from zero.
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Alternative hypothesis (HA1): the long term abnormal return followed by an instance is

larger than zero.

Alternative hypothesis (HA2): the long term abnormal return followed by an instance is lower

than zero.

As a consequence the statistical tests applied to investigate whether the results are significant

are two-sided.

The long term BHAR estimation was made on monthly observations, which equals 12 to 36

data points. As noted in Mitchell & Stafford (2000), assuming that the empirical distribution

of BHAR is normal appears to be a reasonable approximation, which allows for calculation

of t-statistic for the mean BHARs using the mean and standard deviation from the empirical

distribution.

The critical value used in the t-test is calculated as:

t =
x̄− µ
σ/
√
N

which is equal to the z-test critical value. Where x̄ is the BHAAR, and σ is the standard

deviation of BHAAR. Both methods assume an approximate normal distribution of the

sample mean with a variance of σ
n
. The difference is that the t-test assumes that the sample

variance follows a chi-squared distribution with n degrees of freedom. In addition x̄−µ and
σ
n

should be independent.

The p-value is calculated in R as:

p− value = 2 ∗ pt(−abs(t− value), df)

where,

pt is the distribution function for the chi-square distribution, and

df the degrees of freedom n− 1.

The p-value is used to determine at which significance level the null hypothesis can be

rejected. The significance levels are set to 0.1, 0.05, and 0.01. If p < 0.01 the result can be

said to be significant at the 0.01 level.

The Calendar Time Portfolio Approach estimates a monthly calendar abnormal return either

by regression intercept or mean portfolio return. In both cases the Student’s t-test was

applied to ascertain the significance of results. The mean estimate is based on monthly

observations equal to the sample period of 180 months (15 years). The sample size considered

one could have argued for the use of a z-test.
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The sample mean was estimated either as regression intercept from the WLS or the weighted

Grand Mean Monthly Calendar Time Abnormal return. σ is the standard deviation of the

mean and N the number of observations. Since the Calendar Time Portfolio Approach

uses a weighted mean to deal with the variation of companies in the monthly portfolio, the

critical value is calculated from the weighted mean, with a weighted standard deviation. The

”weights” package provided in R was used to calculate the weighted t-test with the function

wtd.t.test() (Weighting et al., 2020).

4.8.3 Statistical test of sub-samples

To test whether subsets are statistically different an unpaired two-sample t-test was used to

compare the means.

The t-test critical value can be calculated as follows:

t =
µA − µB√
S2

na
+ S2

na

(16)

Where,

µA is the mean of group A, and µB is the mean of group B,

S2 is an estimate of the the pooled variance:

S2 =

∑
(x− µA)2 +

∑
(x− µB)2

nA + nB − 2

The t-test and corresponding p-value are calculated in R with the use of the t.test() func-

tion.

4.8.4 Error bands

When mean estimation is visually inspected, error bands are provided to illustrate uncer-

tainty. The error bands show the confidence interval of the estimated mean. The confidence

interval was calculated as the lower and upper confidence level with a significance level of

0.05:

Confidence Interval (CI) = mean± standard error ∗ critical value

The critical value is set to 1.96, from the standard normal distribution, for a significance

level of 0.05. The error bands can be used to determine statistical dissimilarity. If the error

bands overlap, the estimated means are not statistically different at the given significance

level.
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5 Data description

The following section will explain the data selection and sample used for hypothesis testing.

The event data consist of collected news articles related to negative ESG coverage. To

evaluate event firm performance post-incident, daily stock prices were used to estimate daily

and monthly returns. Descriptive analysis of the event sample and stock market data are

provided and discussed. In order to determine to which degree the assumptions of common

event study methodologies are met, the distribution of market data was evaluated.

5.1 Event data description

A descriptive analysis of the collected event data shows the distribution of events. The event

database covers 92 unique companies, representing a variety of different industries as seen

from Figure 1.

Figure 1: Distribution of Sectors

”C & P Services” is short for Commercial & Professional Services. Banks, Energy, Automo-

biles, and Diversified Financials are the most common industries in the sample, accounting
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for close to 70% of the total sample. Top four industries, Banks (44,83%), Energy (8.62%),

Automobiles (8.28%), and Diversified Financials (6.90%) make up 68.62% of all instances.

The overall distribution of instances is quite similar to previously presented Sustainalytics

event distribution (Morrow et al., 2017).

Further, the sample consists of event firms from the global financial market. As seen in

Figure 2, the sample has a clear overweight of firms from the US and UK.

Figure 2: Distribution of Countries

The top four countries, US (47.93%), UK (23.10%), Germany (9.31%), and Switzerland

(7.59%) make up a total of 87.93% of all instances in the sample. Sustainalytics sample of

29.000 finds that the total number of instances from the US makes up 40%, with the UK at

second (Morrow et al., 2017).

A word cloud of most frequent keywords related to classified events can be seen in Figure

3.
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Figure 3: Word Cloud of Event Keywords

Most notably fraud was the most frequent keyword related to identified instances. Money-

laundering and discrimination also stand out as frequently associated with events.

Each ESG category is represented with 40 instances from Environmental, 65 from Social,

and 185 from Governance, the distribution can be viewed in Figure 4. The events are evenly

distributed across the 15 year period, as observed from Figure 5.
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Figure 4: Distribution of Factors

Figure 5: Distribution of Events over Time

The sample is dominated by large-cap companies that have experienced one or more widespread

incidents relating to ESG. This is partly due to the fact that Factiva only allows company-

specific searches for the 100 companies with most cases for each ESG-category search term.
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The methodology and tools used in the data collection secure transparency and replicability,

however, due to the nature of the Factiva sort function it also inherits some bias towards

large companies and big incidents. The subsequent procedure was to collect stock prices for

the given company at a time before and after the event date.

5.2 Descriptive statistics of stock market data

Stock market data used for model estimation are assumed normally distributed. There-

fore, the underlying distribution of stock market data was analysed to assess whether the

assumption of normality was met. The summary statistics tables display the number of

observations (nobs) for each sub-sample, missing values (NA), standard error (SE), mean,

upper- and lower 95%- confidence intervals (UCL, LCL) along with standard descriptive

statistics. Table 1 shows the summary statistics for daily returns 140 trading days prior to

the event window for the full sample, as well as for the six model portfolios. This corre-

sponds to the estimation period used to model expected returns through OLS regression for

the short-term event study. The portfolio returns have been calculated as simple averages

of the daily stock returns included in each sample.

Table 1: Summary Statistics: Event Sample Daily Returns

Full Sample Environmental Social Governance 2004-2009 2009-2014 2014-2019

nobs 40, 600 5, 600 9, 100 25, 900 9, 380 14, 420 16, 800

NAs 0 0 0 0 0 0 0

Minimum -0.5146 -0.1722 -0.1894 -0.5146 -0.1721 -0.3902 -0.5146

Maximum 0.5819 0.1261 0.5819 0.5782 0.3166 0.5782 0.5819

1. Quartile -0.0091 -0.0093 -0.0070 -0.0100 -0.0079 -0.0113 -0.0084

3. Quartile 0.0098 0.0094 0.0082 0.0107 0.0088 0.0124 0.0087

Mean 0.0003 -0.0002 0.0007 0.0003 0.0004 0.0006 0.00003

Median 0.0002 0 0.0005 0 0.0005 0 0

Sum 12.3256 -1.0216 6.6324 6.7148 3.3209 8.4740 0.5307

SE Mean 0.0001 0.0003 0.0002 0.0002 0.0002 0.0003 0.0002

LCL Mean 0.0001 -0.0007 0.0004 -0.0001 -0.00001 0.00005 -0.0003

UCL Mean 0.0005 0.0003 0.0011 0.0006 0.0007 0.0011 0.0003

Variance 0.0006 0.0004 0.0003 0.0008 0.0003 0.0011 0.0004

Stdev 0.0250 0.0193 0.0180 0.0280 0.0180 0.0329 0.0200

Skewness 1.0138 -0.4639 4.1527 0.7794 0.8345 0.9157 0.8777

Kurtosis 48.6971 6.3248 135.3355 39.5998 19.4858 28.2203 97.0408

The mean for daily stock returns is close to zero for all sub-samples. The mean range

from 0.07% to −0.02%, and the standard deviations range from 3.29% to 1.80%. This could
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postulate a normal distribution at a given confidence, but the kurtosis and skewness statistics

reveal the lack of normality. Under the normal distribution skewness should be 0 and kurtosis

should be 3. The sample shows a skewness in the range 4.15 to -0.46 and kurtosis in the range

from 6.32 to 135.34. Positive skewness suggests that most observations are concentrated on

the left side of the mean (around zero and slightly negative) with extreme values to the right

(very positive). In contrast, negative skewness suggests a distribution of returns where most

observations are concentrated on the right side of the mean (slightly positive) with extreme

values to the left (very negative). The subsample social shows a relatively high number

of extreme observations (kurtosis of 135.34) and high positive skewness (4.15). This shows

that the estimation window for this sub-sample is based on a higher probability of positive

returns compared to the other sub-samples.

Tables 2, 3 and 4 show summary statistics of monthly returns over a period of 36 months

following the event date for the original sample, the matched control firm sample as well as

the matched sector indices sample. This corresponds to the stock market data used in the

long-horizon study of abnormal returns. Since not all event companies have 36 months of

post-event returns, the number of observations will be slightly lower compared to 12 and

24 months. Overall, the original sample and the matched control firm sample show similar

summary statistics, with returns ranging respectively from −53% to 73% and −57% to 67%,

standard deviations of 8.92% and 8.11% as well as similar symmetry and kurtosis. The

original sample shows a mean close to zero of 0.6% while the mean return of the control firm

sample is slightly higher at 1.2%.
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Table 2: Summary Statistics: Event Sample Monthly Returns

Full Sample Environmental Social Governance 2004-2009 2009-2014 2014-2019

nobs 9, 657 1, 295 1, 998 6, 364 2, 479 3, 811 3, 367

NAs 0 0 0 0 0 0 0

Minimum -0.5327 -0.4233 -0.4877 -0.5327 -0.5327 -0.3276 -0.4877

Maximum 0.7313 0.5807 0.3693 0.7313 0.7313 0.5807 0.6222

1. Quartile -0.0415 -0.0367 -0.0290 -0.0479 -0.0402 -0.0449 -0.0391

3. Quartile 0.0530 0.0484 0.0467 0.0562 0.0470 0.0589 0.0518

Mean 0.0060 0.0076 0.0082 0.0050 0.0036 0.0076 0.0059

Median 0.0065 0.0048 0.0110 0.0057 0.0059 0.0084 0.0058

Sum 57.7662 9.7927 16.4309 31.5426 8.9036 29.0821 19.7805

SE Mean 0.0009 0.0024 0.0016 0.0012 0.0019 0.0015 0.0014

LCL Mean 0.0042 0.0028 0.0051 0.0026 -0.0001 0.0047 0.0030

UCL Mean 0.0078 0.0123 0.0113 0.0073 0.0073 0.0105 0.0087

Variance 0.0080 0.0077 0.0050 0.0089 0.0087 0.0083 0.0070

Stdev 0.0892 0.0876 0.0710 0.0944 0.0931 0.0911 0.0838

Skewness 0.1864 0.3770 -0.5125 0.2562 0.1588 0.2964 0.0557

Kurtosis 4.1706 4.3320 5.0432 3.7460 6.0237 2.5583 4.4178

Table 3: Summary Statistics: Matched Control Firm

Full Sample Environmental Social Governance 2004-2009 2009-2014 2014-2019

nobs 9, 657 1, 295 1, 998 6, 364 2, 479 3, 811 3, 367

NAs 0 0 0 0 0 0 0

Minimum -0.5650 -0.2881 -0.4271 -0.5650 -0.5650 -0.3650 -0.4573

Maximum 0.6654 0.5840 0.4911 0.6654 0.6654 0.4911 0.5840

1. Quartile -0.0310 -0.0378 -0.0289 -0.0307 -0.0303 -0.0306 -0.0322

3. Quartile 0.0543 0.0554 0.0581 0.0527 0.0604 0.0550 0.0498

Mean 0.0118 0.0112 0.0132 0.0114 0.0124 0.0128 0.0101

Median 0.0122 0.0084 0.0126 0.0126 0.0135 0.0140 0.0102

Sum 113.6332 14.4911 26.4456 72.6965 30.7146 48.8975 34.0211

SE Mean 0.0008 0.0023 0.0018 0.0010 0.0018 0.0013 0.0013

LCL Mean 0.0101 0.0067 0.0097 0.0094 0.0088 0.0104 0.0075

UCL Mean 0.0134 0.0157 0.0168 0.0134 0.0160 0.0153 0.0127

Variance 0.0066 0.0067 0.0065 0.0066 0.0082 0.0061 0.0060

Stdev 0.0811 0.0818 0.0806 0.0812 0.0904 0.0778 0.0775

Skewness 0.1120 0.6101 -0.0110 0.0463 -0.1243 0.1557 0.3285

Kurtosis 4.4497 3.1674 2.7933 5.2247 5.5758 2.4738 4.6907
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Table 4: Summary Statistics: Sector Indices

Full Sample Environmental Social Governance 2004-2009 2009-2014 2014-2019

nobs 9, 509 1, 258 1, 961 6, 290 2, 479 3, 811 3, 219

NAs 0 0 0 0 0 0 0

Minimum -0.2964 -0.2790 -0.2541 -0.2964 -0.2921 -0.2066 -0.2964

Maximum 0.2777 0.2777 0.1497 0.2739 0.2777 0.2406 0.2102

1. Quartile -0.0237 -0.0241 -0.0180 -0.0246 -0.0283 -0.0239 -0.0214

3. Quartile 0.0382 0.0350 0.0310 0.0388 0.0322 0.0399 0.0356

Mean 0.0040 0.0048 0.0044 0.0037 0.0007 0.0057 0.0044

Median 0.0058 0.0053 0.0066 0.0058 0.0066 0.0058 0.0058

Sum 37.7363 6.0611 8.6705 23.0047 1.6977 21.8416 14.1969

SE Mean 0.0006 0.0015 0.0010 0.0007 0.0013 0.0009 0.0008

LCL Mean 0.0029 0.0019 0.0025 0.0022 -0.0019 0.0040 0.0028

UCL Mean 0.0051 0.0078 0.0064 0.0051 0.0032 0.0074 0.0060

Variance 0.0030 0.0028 0.0019 0.0033 0.0042 0.0029 0.0022

Stdev 0.0546 0.0532 0.0440 0.0578 0.0646 0.0537 0.0466

Skewness -0.3573 -0.0781 -0.5516 -0.3634 -0.4630 -0.1741 -0.3273

Kurtosis 2.4013 2.1863 1.9841 2.2391 3.1996 0.9054 1.0431

Summary statistics for the matched sector indices show lower volatility in the monthly

returns, in line with expectations as the sample portfolios are composed of indexes rather

than individual firms. The sector indices sample has a range of returns from −30% to

28% and a standard deviation of 5.46% for the full sample. Each of the sub-samples also

shows negative skewness, which is in line with earlier findings that aggregated stock returns

display negative skewness, while firm stock returns display positive skewness (Albuquerque,

2012).

5.3 Assumption of normality

It is well-known that the distribution of daily stock returns over time is not normally dis-

tributed. Empirical evidence points towards a leptokurtic distribution, ie. the empirical

distribution has fatter tails and higher peakedness around the mean than the normal dis-

tribution (Fama, 1965; Stoltz, 1982). The distribution of daily stock returns used in this

research supports this finding, as illustrated by the histogram showing a steep peak above

the normal distribution curve and by the QQ-plot showing an s-curve with more extreme

values on each side compared to the normal distribution line. The full sample histogram can

be observed in Figure 6 and QQ-plot in Figure 7. Figure 8 show the sub-sample histogram

of stock returns, and Figure 9 show the QQ-plot.
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Figure 6: Histogram Density plot: Full Sample

Figure 7: QQ-plot: Full Sample
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Figure 8: Histogram Density plot: Sub-samples
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Figure 9: QQ-plot: Sub-samples

The leptokurtic distribution of stock returns can be explained by outliers. Stock market

returns are interspersed with outliers that reflect events, news, and information released by

firms. Outliers increase the kurtosis of the return distribution (Roll, 1988; Stoltz, 1982).

Another argument for deviation from normality is the concept of volatility clustering, mean-

ing that large changes in stock prices tend to be followed by large changes in stock prices

(Mandelbrot, 1963). In line with earlier findings, the summary statistics show that the

monthly stock returns are closer to normality than the daily stock returns (Brown & Warner,

1985).

In their study of how particular characteristics of daily stock return data affect event study

methodologies, Brown & Warner (1985) show that non-normality of daily returns have no

obvious impact on event study methodologies. They find evidence that mean excess re-

turn converges to normality as the number of sample securities increase, and that standard

parametric test for significance of the mean expected returns are well specified with an

appropriate probability of type 1 error.

To summarize, the collected data described is consistent with previously observed distribu-
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tions of stock returns. The stock returns are not perfectly normally distributed. However,

the approximation should hold for estimation of abnormal returns using event study method-

ology.

6 Empirical results

The empirical results provided by the previously specified models are presented in the fol-

lowing section. Statistical significance of results are presented along with the findings. To

uncover interconnection, model results from full and subset samples are presented together.

The results and their significance are commented along with the presented findings. The

sensitivity of the empirical evidence is tested later in the robustness section and discussed

in the analysis section.

6.1 Market Adjusted Model

The Market Adjusted Model was used to observe the compound abnormal returns from a

portfolio constructed from all instances in the sample. The market adjusted model is a simple

measure of abnormal return where the expected return is assumed equal to a market index.

The compound abnormal returns might yield insight into the relationship between stock

price behaviour and the event period. The calculation of compound abnormal return was

preformed on each instance and then averaged to construct the portfolio abnormal return

(AAR) for both samples and sub-samples. The compound abnormal returns for each stock

can be observed in Figure 10, which indicates the standard deviation associated with the

average portfolio. The y-axis denotes the average compound abnormal return, estimated by

indexing to 100 at t = 0. The x-axis indicates time to and from the identified incident, at

t = 0. The event period of 303 days cover 140 days before t = 0 and 252 days following the

instance. The standard error bands are included in the shaded gray area of the plot.
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Figure 10: Market Adjusted Model Individual Stock

Figure 10 display two extreme values prior to t = 0, rapidly adjusted towards zero from

the 400 mark. The two instances are Bausch Health Companies Inc. (BHC) in green and

Citigroup Inc. (C) in orange. Both stocks experienced large drops in market value right

before the event date. However, the instances do not impact the overall results greatly,

tested by exclusion from the analysis. Therefore, all instances are kept in the analysis.

Figure 11 show the average compound abnormal return for all instances in the sample.
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Figure 11: Market Adjusted Model with standard error bands

Figure 11 illustrate the average portfolio abnormal return before and after the event, t = 0.

If the event had no impact a flat line would be expected. As can be observed from Figure

11 the line is not flat. A sharp downwards movement can be observed at t = 0 up until ∼ 10

days after the event. The average portfolio exhibits a downwards trend in the days leading up

to the event. It might be characterized as a leakage effect which can be explained by several

things. The leakage might come from market inefficiency, in the form of inside information

leakage to the market, or that information of the event circulates among industry experts and

professional investors before the media writes about it. Finally, the leakage might indicate

that the event classification method is late to pick up the event. Not surprisingly as the

selection method relies on three or more news articles, or articles from two or more sources,

on the same incident to be regarded as an incident. It can be several months between

the first news and the one that classifies it as an incident. Nonetheless, there is a large

drop in share price directly after the identified event, which is an indication of an accurate

event definition. The standard error bands span out as the estimation period increases,

which is to be expected. As the estimation period extends out in time, uncertainty increase.
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Therefore, little information concerning the long term effect can be drawn from the Market

Adjusted Model. The observed abnormal return does, however, indicate some persistence in

the negative effect on stock price over time.

From the original sample, six portfolios were built on subsets. Three portfolios were made

from instances sorted based on ESG-factors: Environmental, Social, and Governance. The

other three portfolios were sorted based on periods of five years intervals: 2004-2009, 2009-

2014, and 2014-2018. The average subset portfolios can be observed in Figure 12 and 13.

Variable ”Y09” refers to the yearly interval 2004-2009, ”Y14” to 2009-2014, and ”Y19” to

2014-2019. The subsets appear to have the same downwards trend as detected for the whole

sample. Little difference can be inferred regarding the short term impact of the event on

the different subsets. However, some differences can be observed between the subsets over

time.

Figure 12: Market Adjusted Model: Five year interval subsets

The negative effect on abnormal returns seems to last longer in the 2014-2019 subset, and

shorter in the 2004-2009 subset. The 2009-2014 subset is quite volatile up and to the event

day. This might be due to new information in the market. As mentioned earlier, three news
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articles or mention in two or more independent news sources must take place before it is

considered an event. The 2009-2014 sample show three drops up until t = 0, with t = 0 as

the last. One at t = −100, it recovers, then drops again at t = −70, a recovery, and finally

a drop at t = 0.

Figure 13: Market Adjusted Model: ESG - factor subsets

The long-term negative effect seems stronger for the Governance subset compared to the So-

cial and Environmental subsets. The Environmental subset somewhat surprisingly exhibits

a strong positive abnormal return 252 days post the event. The environmental subset moves

in a V shape, after a rapid downturn in abnormal return it recovers just as quickly. Social

is somewhat flat with a small downturn in abnormal return after the event. Governance

exhibit a large drop in abnormal return 100 days before the event, and then another drop

at the event date. Governance seems to stay negative territory after the event.

To investigate whether the dissimilarity in subset abnormal return was significant standard

error bands were added. Figure 14 and 15 illustrate the difference between the subsets given

a standard error band with 95% confidence interval.

55



Figure 14: Market Adjusted Model: Five year interval subsets with standard error bands

The standard error bands overlap for the yearly intervals which indicates no statistical dif-

ference between the subsets at a 95% confidence level.
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Figure 15: Market Adjusted Model: ESG - factor subsets with standard error bands

For the ESG-factor subsets the standard error bands do not overlap for all periods. An

indication that there might be a statistical difference between the subsamples for some given

periods. Whether these results are consistent with other models to measure abnormal returns

will be presented in the following sections.

The intention of presenting more than one estimation model for abnormal return was to

increase the validity and secure robust empirical evidence. Besides, other models might be

more adapt to short and long term estimation, which would reduce the standard error bands.

Hence, increase the likelihood of rejecting the null hypothesis of no significant negative

impact on stock price behavior in the short and long term.

6.2 Short term

The short term analysis is only concerned with a few days before and after the event. Em-

pirical evidence in this section aims to support the research question of whether negative

ESG related news impacts stock price behavior.
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6.2.1 Market Model Abnormal Returns

The Market Model was used to measure abnormal returns over a short period. An event

window of 21 days, +- 10 days from the event, is meant to give insight to the stock price

behavior up until and following the event. The short term hypothesis of negative abnormal

returns is evaluated. Further, the leakage effect observed right before the event in the market

adjusted model can be investigated more clearly.

The average abnormal returns and average cumulative abnormal returns obtained with the

market model regression are presented in Table 5 and 6. The results are given in percentage

and the initial zero is omitted.

Table 5: AAR over event window (in percentage)

Event Day Full Sample Environmental Social Governance 2004-2009 2009-2014 2014-2019

-10 .2175 .4993 .1106 .1941 .5730 .2464 -.0058

-9 .0188 .0069 .1091 -.0103 -.2475 .0064 .1782

-8 .1219 .3672 .0427 .0967 -.2397 .2726 .1944

-7 .2274 -.3463 -.0849 .4611 .1225 .7102 -.1285

-6 -.0720 -.4744 -.1557 .0445 -.3188 -.0433 .0413

-5 -.1009 .0576 -.1132 -.1308 -.5325 .2331 -.1465

-4 .0521 -.0351 -.1661 .1476 -.0494 .1613 .0149

-3 -.1268 .1033 -.2465 -.1346 .1216 -.2760 -.1375

-2 -.0683 -.2689 -.0790 -.0211 .2086 -.5019 .1494

-1 -.1999 -.5120 -.0926 -.1701 .0942 -.5144 -.0941

0 -.6303 -.6752 -.4242 -.6931 -.3535 -.3701 -1.0083

1 -.1693 -.4467 -.2273 -.0889 .0066 -.1644 -.2716

2 -.1045 -.3385 -.2583 .0002 .1440 -.2393 -.1275

3 -.2199 .0811 -.1213 -.3197 -.0560 -.2600 -.2771

4 -.1296 -.2592 -.4626 .0154 -.0193 -.2356 -.1003

5 -.1144 .2521 -.2759 -.1369 -.3167 -.0264 -.0771

6 .0498 .0474 .1169 .0267 .2112 .1936 -.1638

7 -.1722 -.2245 -.1070 -.1837 -.6087 -.2066 .1011

8 .0510 -.5186 .1395 .1431 -.0346 .2594 -.0800

9 -.3117 -.7357 -.0913 -.2975 -.3481 -.4768 -.1497

10 -.0414 -.0938 .0912 -.0767 -.0875 -.1583 .0846

Note: Estimates based on OLS regression of 120 days prior to event window

The AAR is both positive and negative over the event window, however mostly negative. At

time t = 0 the AAR is negative for all average portfolios, a sign that the event classification

gives a good indication of a negative impact on the stock price. The AAR exhibit an overall
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Table 6: CAAR over event window (in percentage)

Event Day Full Sample Environmental Social Governance 2004-2009 2009-2014 2014-2019

-10 .2175 .4993 .1106 .1941 .5730 .2464 -.0058

-9 .2363 .5061 .2197 .1838 .3255 .2527 .1724

-8 .3582 .8733 .2624 .2805 .0858 .5253 .3668

-7 .5856 .5270 .1776 .7416 .2083 1.2355 .2383

-6 .5136 .0526 .0219 .7860 -.1105 1.1922 .2797

-5 .4127 .1102 -.0913 .6553 -.6430 1.4253 .1331

-4 .4648 .0751 -.2574 .8028 -.6924 1.5866 .1481

-3 .3380 .1784 -.5039 .6683 -.5708 1.3106 .0106

-2 .2697 -.0905 -.5829 .6472 -.3622 .8087 .1599

-1 .0698 -.6025 -.6755 .4771 -.2680 .2942 .0658

0 -.5605 -1.2778 -1.0997 -.2160 -.6215 -.0759 -.9424

1 -.7298 -1.7244 -1.3270 -.3049 -.6150 -.2403 -1.2141

2 -.8343 -2.0629 -1.5853 -.3048 -.4710 -.4796 -1.3416

3 -1.0542 -1.9819 -1.7065 -.6244 -.5270 -.7396 -1.6186

4 -1.1838 -2.2411 -2.1691 -.6091 -.5462 -.9752 -1.7190

5 -1.2983 -1.9889 -2.4450 -.7460 -.8629 -1.0015 -1.7960

6 -1.2485 -1.9416 -2.3281 -.7193 -.6518 -.8079 -1.9598

7 -1.4207 -2.1661 -2.4351 -.9030 -1.2605 -1.0145 -1.8587

8 -1.3696 -2.6847 -2.2956 -.7599 -1.2951 -.7551 -1.9387

9 -1.6813 -3.4205 -2.3869 -1.0574 -1.6432 -1.2319 -2.0884

10 -1.7228 -3.5143 -2.2957 -1.1341 -1.7307 -1.3902 -2.0038

Note: Estimates based on OLS regression of 120 days prior to event window
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negative trend which can be seen from the CAAR at time t = 10. The CAAR summarizes

the average abnormal return over the event window and is negative for all portfolios. The

relationship between daily AAR and CAAR is illustrated in Figure 16. The y-axis depicts

the average abnormal return, and the x-axis time to and from the event.

Figure 16: AAR and CAAR over event window

Average abnormal return can be observed as the red line which varies around zero. Around

the event date, t = 0, the AAR stays in negative territory, with a negative spike from t = −1

to t = 0. The sum of AAR gives the cumulative average abnormal return. The CAAR is

positive up until t = 0 where it goes negative and continue to decrease through the event

period.

Figure 17 and 18 illustrate the daily AAR and CAAR measured over the event window with

standard error bands at a confidence interval of 95%.
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Figure 17: Average Abnormal Return over event window

The largest negative average abnormal returns occur at time t = 0, can be observed from

Figure 17. The negative return at time t = 0 is not large, but still significantly different

from zero.
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Figure 18: Cumulative Average Abnormal Return over event window

The cumulative sum of AAR, CAAR, exhibit a downwards trend from t = −1 to t = 10.

The CAAR is significantly negative from three days after the event. To provide some insight

into the standard error bands an overview of the five most extreme cumulative abnormal

returns at t = 10, both positive and negative, can be observed in Table 7.
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Table 7: Top five highest and lowest CAR

Top five highest CAR

Company Ticker Description Factor Event Date CAR

Bausch Health Comp. Inc. BHC Valeant fraud Governance 2016-08-11 0.480

Bank of America Corp. BAC ”Squawk” box scandal Governance 2009-04-22 0.398

HSBC Holdings PLC HSBC Madoff fraud case Governance 2009-04-08 0.180

Citigroup Inc. C ”Squawk” box scandal Governance 2009-04-22 0.140

UBS Group AG UBSG.SW Madoff Fraud Case Governance 2009-01-13 0.139

Top five lowest CAR

Punjab National Bank PNB.NS Transaction fraud Governance 2018-02-14 -0.530

Volkswagen AG VOW3.DE Dieselgate Environmental 2015-09-20 -0.509

Deutsche Bank DB Shareholder surveillance Social 2009-07-22 -0.318

Equifax EFX Data breach Social 2017-09-08 -0.312

Credit Suisse Group AG CS Dark pool Governance 2016-02-01 -0.279

Table 7 show the company, ticker, a short description of the event, ESG-factor, event date,

and the cumulative abnormal return at t = 10. Both extreme positive and negative abnormal

returns are to be expected. The intuition is that the selection method aims to identify events

that lead to higher volatility in stock price due to the uncertainty of market reaction to new

information.

Bausch Health Company Incorporated (BHC), formerly Valeant Pharmaceuticals, tops the

list of most extreme positive cumulative abnormal returns at t = 10, with a positive cumu-

lative abnormal return of 48%. On 2016-08-11 the Wall Street Journal published an article

with the heading ”Valeant Faces Criminal Probe”. One would expect a negative impact on

stock price. Citigroup Incorporated (C), at number four with positive CAR of 14%. Reuters

reported that ”US jury finds brokers guilty in ’squawk box’ trial” on the 2009-04-22. The

markets might impact positively on the news which reduces the uncertainty of the outcome.

The Market Adjusted Model showed that the most extreme drop in stock price before t = 0

was for BHC and C. The extreme drop in stock price prior to t = 0 might also explain

the high CAR over the event window. Markets might not be concerned by HSBC and UBS

connection to the Madoff fraud case.

All top five extreme positive CAR are related to governance and all companies are banks

except for BHC. The governance sample is the largest, so more extreme values are to be

expected. However, it might also be an indication that the governance keywords pick up on

news which markets react to positively.
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The top five most extreme negative CAR falls under all the different ESG-categories. Whether

the ”Dieselgate scandal” is considered an Environmental or Governance related scandal can

be debated. The same goes for the data breach of Equifax, which could be considered Gov-

ernance as well. However, all top five negative CAR points to a well-specified event selection

method.

Subset portfolios can provide some insight into the drivers of the negative trend. Figure 19

and 20 show the CAAR for individual subsets.

Figure 19: Cumulative Average Abnormal Return of yearly subsets over event window

The short term CAR for yearly subsets at time t = 10 is quite similar. The 2009-2014

sample (Y14) does exhibit an upswing before t = 0. In light of observations made from

Figure 14 it might be explained by a rebound from a previous downturn. The 2004-2009

(Y09) sample seems to have a less steep development, the CAAR at t = 10 is still negative.

The reaction to the event it most prominent for the 2014-2019 sample (Y19). The sample

CAAR is steady around zero up until t = −1 where it exhibits a vertical drop. After the

drop, the 2014-2019 sample CAAR continues to decrease until t = 10. This could indicate
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that investors have become more sensitive to negative ESG-incidents in the last five years,

compared to the earlier periods.

Figure 20: Cumulative Average Abnormal Return of ESG subsets over event window

The development for the different ESG - factor subsets are quite similar up until the incident.

The governance portfolio does not exhibit as much leakage compared to the environmental

and social portfolios. Interestingly, governance exhibits the highest (least negative) cumula-

tive abnormal return at time t = 10, and Environmental the lowest (most negative). Error

bands are added to illustrate the uncertainty of the mean, and whether any significant dif-

ferences in the subsets can be observed. Figure 21 and 22 display the cumulative average

return with 95% confidence intervals.
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Figure 21: Cumulative Average Abnormal Return of ESG subsets over event window
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Figure 22: Cumulative Average Abnormal Return of yearly subsets with error bands over

event window

All subset error bands overlap during the event window. The overlap indicates that there is

no significant difference between the subsets. There is more variation in some of the subsets

than others. Environmental exhibits a large standard error band compared to governance

and social. Table 8 provides an overview of the cumulative average abnormal return for

t = 10 and corresponding statistical measures.

The significance of the negative cumulative sum is measured with a z-test. The standard

deviation (SD) and Standard Error (SE) of the CAAR t = 10 stated along with the z-score

and corresponding p-value. The z-score and corresponding p-value is calculated as explained

in section 4.8. The level of significance is stated as a number of stars (*).
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Table 8: CAAR (t=10) Significance

Full Sample Environmental Social Governance 2004-2009 2009-2014 2014-2019

CAARt=10 -.0172 -.0351 -.0230 -.0113 -.0173 -.0139 -.0200

SD .0954 .1140 .0710 .0984 .0676 .0954 .1084

SE .0056 .0180 .0088 .0072 .0083 .0094 .0099

Z-score -3.0747 -1.9501 -2.6087 -1.5679 -2.0950 -1.4793 -2.0241

P-value .0011 .0256 .0045 .0585 .0181 .0695 .0215

Significance *** ** *** * ** * **

Note: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

All portfolios exhibit negative cumulative abnormal return at t = 10, in accordance with

observations made from Figure 18, 19, and 20. The full sample is significant at a 1% level

with a z-score of -3.0747 and a p-value of 0.0011. The sub-sample portfolios all exhibit

significant negative cumulative average abnormal returns at time t = 10. The standard error

is dependent on sample size, which is why governance with a comparatively high standard

deviation has the lowest standard error.

The selection method for instances was aimed to pick up on extreme cases of negative

abnormal return. As previously discussed, the method might be late to capture any negative

abnormal returns or pick up on news that the market view differently in light of previous

information. The overall cumulative average abnormal return does, however, indicate that

the selection method on average does well in capturing negative abnormal returns.

The short term empirical evidence points towards an immediate negative reaction to the

event. The negative abnormal stock price behavior is significantly different from zero. Subset

portfolios exhibit some variation, but no significant difference in the short term. Still, trends

point to different reactions, and the development over time might increase the difference

between subsets.

6.3 Long term

The empirical results for the long-term event study are based on three models. The mar-

ket model used for the short term analysis is one. Buy-and-Hold Abnormal Return is a

more sophisticated version of the index method previously presented. Finally, the estimated

Calendar Time Portfolio Approach abnormal returns are provided.
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6.3.1 Market Model extension of event window

The market model event window was extended to 252 days (one year of trading days) as a

preliminary measure of long term abnormal returns. Figure 23 display the model cumulative

abnormal return over the event window of 263 days (-10/+252). Several insights can be

drawn from this approach. Primarily, the methodology is flawed when one considers cu-

mulative simple returns over a long period. Simple returns are not time additive. Another

important observation is the standard error bands which fan out as the time horizon in-

creases. The increased error bands illustrate the uncertainty connected to the estimation of

future returns which increases over time. Hence, no certain conclusions can be drawn from

the long term estimation with the market model. Two alternative approaches to investigate

the long term abnormal returns were deployed, the buy-and-hold abnormal returns method,

and the calendar time portfolio approach.

Figure 23: Cumulative Average Abnormal Return of yearly subsets with error bands over

event window
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6.3.2 Buy-and-Hold Abnormal Returns (BHAR)

Figure 24 illustrate the Average Compound Abnormal Return, seen on the y-axis, over time,

measured in months, seen on the x-axis. Where t = 0 is the event month, the month where

the event took place. The different line-types illustrate the different holding period returns,

12, 24, and 36. There is a small difference between the holding periods, this is due to the

sample. Not all stocks have 36 months of trading after the event. Specifically, instances in

the 2014-2019 sample that occurred later than 2018-03-01.

Figure 24: BHAR Full Sample

The buy-and-hold abnormal return displayed in figure 24 shows the long-term return of

buying each ESG-incident firm in the sample on the last day of the month an incident took

place, and holding the portfolio for 12, 24 and 36 months. The benchmark consists of control

firm returns, matched to each company for each period. The control firm consists of similar

firms as the event firms, but where no firm-specific ESG-incident have taken place. The

matched control firms should, therefore, mirror the expected return of the event firms, in

the absence of ESG-incidents. The figure shows a clear negative compound abnormal return
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starting from the event month, throughout the holding periods of 12, 24, and 36 months.

The average buy-and-hold return three years after the incident is -18%. Figure 25 display

error bands along with the average compound abnormal return for a confidence interval of

95%, and show that the compound abnormal returns is significantly negative at each of the

three holding periods.

Figure 25: BHAR Full Sample

A more practical interpretation of figure 24, is the compounded monthly return of a long/short

strategy, where the investor buys the company involved in an ESG-incident and short-sells

the closest peer company (screened after size and sub-industry) not involved in an ESG-

incident. This would have been a particularly unprofitable strategy. Reversely, buying the

peer company not involved in an ESG-incident and shorting the ESG-incident firm would

seem like a lucrative strategy, yielding 18% return on average after 36 months before trans-

action costs.

As discussed in more detail in section 4, a problem with the BHAR approach is its great

dependence on the choice of benchmark firms. The negative BHAR may in large stem from
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positive developments in the matched control firms, rather than negative developments in

the event firms. Presumably, a combination of both is often the case.

A benefit of using matched control firms as benchmarks, apart from statistical reasons, is

that it might capture the effects of ESG-incidents beyond the affected firm. Responsible

investors that want to hold a balanced portfolio with different industries, might want to

sell a company involved an ESG-incident. To maintain the aspired industry diversification,

they would seek to buy a similar firm in the same industry not involved in ESG-wrongdoing.

Firms that stay clear of ESG-incidents would then be rewarded. One could expect this

effect to be especially strong in cases where many firms in the same industry are involved

in ESG-incidents, the few remaining firms not involved in ESG-incidents would then be in

high demand among responsible investors.

Figure 26 illustrate the Buy-and-Hold Abnormal Return for each time interval. The variable

”Y09” stands for 2004-2009, colored red, ”Y14” is 2009-2014 colored green, and ”Y19”

stands for the 2014-2019 sub-sample with a blue-colored line. The line-types define the

holding periods of 12, 24, and 36 months. The only sub-sample where the returns differ for

holding periods is the 2014-2019 sample. The variation is due to the difference in sample

size, not all companies in the sample have 36 months of observations after the event.
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Figure 26: BHAR Yearly Intervals

As seen from figure 26, the sub-sample of incidents from 2004-2009 shows the clearest negative

compound average abnormal return with an average BHAR of -29%, compared to -15% for

the 2009-2014 sub-set and -13 % for the 2014-2019 sub-set. The graphs confirm the initial

hypothesis of long-lasting negative performance after ESG-incidents for all time periods and

suggests that the negative performance dragged out longer and more severe for events in the

earliest sample. However, when looking at the first 6 months following the incidents, the

largest negative effect is observed for the Y19 sample. This could indicate that the market

has become faster to react to ESG-incidents, by pricing in ESG-related costs and risks at an

earlier stage than what is observed for the Y09 sample.

As shown in Figure 27, the difference in average BHAR for the different period sub-samples,

is, however, not statistically different from each other on a 5% level. Figure 27 show the

yearly sub-sample BHAR with error bands.
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Figure 27: BHAR Yearly Intervals

Figure 28 show the holding period return for ESG-subsets. There is some observable variation

for holding periods as the sample will vary due to observations with 36 months of data.
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Figure 28: BHAR ESG-factors

Ordered after ESG-factors, it can be observed that the governance sub-sample poses the most

negative average BHAR for all holding periods. After 36 months, the governance portfolio

shows average BHAR of -21%, social shows -17%, and environmental -2%. The governance

sub-sample consist in large of banks. The banking industry also makes up the largest industry

group in the sample, where almost every major international bank is represented. As a result,

the search for comparable firms that had not been involved in ESG-incidents was narrowed

to a few firms. For example, the Royal Bank of Canada (RBC) served as the control firm

for many of the event firms in the banking sector. Positive share price development for RBC

might in part explain large negative average BHAR for the governance sample, and point

towards the beneficial effect of being a firm that avoids ESG-incidents in an industry where

the majority of the firms does not.

Figure 29 show ESG-factor sub-samples with error bands at 95% confidence level.
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Figure 29: BHAR ESG-factors

An unpaired t-test, explained in 4.8, is used to check for statistical dissimilarity of subsets.

The results are reported in Table 23, in Appendix F. The matrix report the p-value for the

two compared means. The means are not statistically different as no reported p-value is

lower than 0.1.

Table 9 show summary statistics for the BHAR over different holding periods for all samples.

Where BHAAR is the Average Compound Abnormal Return after the holding period of T

months. N is the number of event companies in the portfolio. SD is the standard deviation

of BHAR over the holding period. SE is the standard error. The t-value and corresponding

p-value are calculated as explained in Section 4.8. Significance states the significance level

as a number of stars (*).
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Table 9: Buy and Hold Abnormal Returns - Matched Control Firm

T=12

Full Sample Environmental Social Governance 2004-2009 2009-2014 2014-2019

BHAAR -.0600 -.0300 -.0263 -.0784 -.1200 -.0327 -.0500

N 290 40 65 185 67 103 120

SD .3179 .3355 .2877 .3242 .3302 .3658 .2597

SE .0187 .0531 .0357 .0238 .0403 .0360 .0237

t-value -3.2155 -.5656 -.7361 -3.2878 -2.9736 -.9060 -2.1106

p-value .0014 .5749 .4644 .0012 .0041 .3670 .0369

Significance ∗ ∗ ∗ − − ∗ ∗ ∗ ∗ ∗ ∗ − ∗∗
T = 24

BHAAR -.1054 -.0228 -.0990 -.1258 -.1929 -.0580 -.0965

N 279 39 62 178 67 103 109

SD .4586 .5339 .3236 .4807 .3840 .5687 .3726

SE .0275 .0855 .0411 .0360 .0469 .0560 .0357

t-value -3.8398 -.2664 -2.4090 -3.4905 -4.1124 -1.0346 -2.7035

p-value .0002 .7914 .0190 .0006 .0001 .3033 .0080

Significance ∗ ∗ ∗ − ∗∗ ∗ ∗ ∗ ∗ ∗ ∗ − ∗ ∗ ∗
T = 36

BHAAR -.1784 -.0224 -.1736 -.2117 -.2859 -.1551 -.1256

N 261 35 54 172 67 103 91

SD .4487 .6015 .4124 .4187 .4415 .4331 .4626

SE .0278 .1017 .0561 .0319 .0539 .0427 .0485

t-value -6.4238 -.2206 -3.0927 -6.6295 -5.3018 -3.6351 -2.5893

p-value 0 .8268 .0032 0 .000001 .0004 .0112

Significance ∗ ∗ ∗ − ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 9 summarizes strong statistical evidence of negative BHAAR across all holding pe-

riods. After 36 months, all sub-samples show significant negative BHAAR, except for the

environmental sample. Strongest results are seen for the Governance sample and the 2004-

2009 sample, which report significant negative BHAAR at 1%-level for each of the holding

periods 12, 24, and 36 months.

6.3.3 Calendar Time Portfolio Approach

The long term abnormal returns obtained by the CTP approach are estimated over the

sample period of 15 years. The abnormal returns are reported as Alpha for the factor
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models and Mean Monthly Calendar Time Abnormal Returns (MMCTAR) for the matched

control sample portfolio alternative. Both abnormal return estimation methods are based on

the same monthly sample portfolio returns. The monthly sample portfolio return for holding

periods of T = 12/24/36 can be observed in Figure 30, 31, 32.

Figure 30: Monthly Mean Return of Sample Portfolios T = 12
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Figure 31: Monthly Mean Return of Sample Portfolios T = 24
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Figure 32: Monthly Mean Return of Sample Portfolios T = 36

The sub-sample portfolio for years is simply made up of the whole sample at yearly intervals.

The visualisation of monthly average returns provides some insight into the behavior of the

portfolio. The portfolio return is negative around 2007-2008, this might be explained by the

credit crunch. The portfolio return is also quite high in the following year 2009. Overall the

observations vary randomly around a mean of zero, which might be an indication of market

efficiency.

Factor models

The regression intercept for the CAPM, Fama and French three and five-factor models are

given in Tables 10, 11, 12, and 13. The tables report the regression intercept as alpha, the

corresponding t-value and p-value. Complete regression statistics with coefficient estimates,

r-squared, and standard error can be observed in Appendix G. Overall, the full sample r-

squared display high coefficient of determination. A high r-squared implies that the factor

models provide a good explanation of the variance in excess return. The factors explain

approximately 70 to 87% of the excess return risk exposure. The observed r-squared is higher

for a larger T , and the Fama and French five-factor model provides a higher r-squared than
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CAPM and Fama and French three-factor. The r-squared adjusted show improvements in

explanatory power from an increased amount of coefficients. Sub-sample r-squared is lower

than the full sample, however, sufficiently high. The environmental sub-sample has the

lowest r-squared for all factor models, arguably, due to the small sample size.

Table 10: Complete sample

T=12

CAPM FF3 factor FF5 factor

Alpha .0010 .0007 .0047∗∗

t-value .4493 .3604 2.1360

p-value .6538 .7190 .0341

T=24

Alpha .0001 −.0001 .0029∗

t-value .0297 −.0879 1.6564

p-value .9764 .9301 .0995

T=36

Alpha −.0003 −.0005 .0020

t-value −.2008 −.3572 1.3060

p-value .8411 .7214 .1933

Observations 180 180 180

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

The full sample alphas are positive for all three factor models with T = 12. For T = 24,

the regression intercept is negative for Fama and French three-factor model. For T = 36

the full sample regression alphas are negative for CAPM and Fama three-factor model, and

positive for the Fama five-factor. The alphas for the full sample portfolio are all quite close

to zero, which would be consistent with market efficiency. However, the Fama five-factor

model yield significant intercepts at the 5% level for T = 12 and 10% level for T=25. The

significant positive abnormal return might indicate an out-performance of the portfolio in

the long run.

The CAPM, Fama and French three, and five-factor models yield no significant alpha for the

sub-portfolios, except Social. The subset portfolio Social yields a significantly positive alpha
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Table 11: CAPM

T=12

Environmental Social Governance 2004-2009 2009-2014 2014-2019

Alpha .0038 .0031 −.0004 .0005 −.0008 −.0013
t-value .8755 1.0352 −.1439 .1157 −.1686 −.4677
p-value .3825 .3020 .8858 .9083 .8667 .6418

T=24

Alpha .0019 .0040∗ −.0016 −.0005 −.0020 −.0004
t-value .5482 1.9026 −.6597 −.1595 −.5306 −.1586
p-value .5843 .0588 .5104 .8738 .5978 .8745

T=36

Alpha .0032 .0012 −.0020 −.0018 −.0016 −.0001
t-value 1.0260 .6589 −.9177 −.6552 −.4667 −.0408
p-value .3063 .5108 .3601 .5150 .6425 .9676

Observations 180 180 180 60 60 60

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

82



Table 12: Fama and French three-factor model

T=12

Environmental Social Governance 2004-2009 2009-2014 2014-2019

Alpha .0040 .0032 −.0010 −.0016 −.00004 .0006

t-value .9346 1.0732 −.3612 −.4105 −.0092 .2431

p-value .3513 .2847 .7184 .6831 .9927 .8088

T=24

Alpha .0019 .0040∗ −.0019 −.0014 −.0012 .0012

t-value .5590 1.9374 −.9090 −.4626 −.3613 .6090

p-value .5769 .0544 .3647 .6455 .7193 .5450

T=36

Alpha .0031 .0013 −.0024 −.0029 −.0007 .0012

t-value 1.0166 .7312 −1.1920 −1.0722 −.2261 .7668

p-value .3108 .4657 .2349 .2883 .8220 .4465

Observations 180 180 180 60 60 60

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

83



Table 13: Fama and French five-factor model

T=12

Environmental Social Governance 2004-2009 2009-2014 2014-2019

Alpha .0041 .0033 −.0010 −.0015 −.0001 .0005

t-value .9584 1.1159 −.3415 −.3780 −.0139 .1896

p-value .3392 .2660 .7332 .7069 .9890 .8503

T=24

Alpha .0020 .0042∗∗ −.0019 −.0014 −.0012 .0011

t-value .5802 2.0139 −.8834 −.4357 −.3580 .5812

p-value .5626 .0456 .3783 .6648 .7217 .5635

T=36

Alpha .0032 .0014 −.0023 −.0028 −.0006 .0012

t-value 1.0420 .7928 −1.1574 −1.0520 −.2129 .7617

p-value .2989 .4290 .2487 .2974 .8322 .4495

Observations 180 180 180 60 60 60

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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for T = 24 at the 10% level for CAPM and 5% for Fama and French five-factor model. The

subset portfolio alphas display a pattern across the factor models. The governance portfolios

are all negative, whereas social and environmental are positive. The 2014-2019 alphas are

all positive, while 2004-2009 and 2009-2014 are negative.

The lack of significant alphas point towards market efficiency. However, the portfolio selec-

tion does not necessarily fit well to capitalize on the event as it is included in the portfolio

at the earliest the following month, and rebalanced each month.

The negative regression intercept for the governance portfolio might indicate that governance

suffers a more long-lasting negative impact on stock price from the event, compared to

environmental and social. The short-term effect was more severe for the environmental and

social portfolios. It might be that the stock price impact is more immediate for environmental

and social, whereas governance drags out. The scope of the event might be less clear at time

t = 0 for governance compared to social and environmental.

The negative long term alphas for yearly subsets might be an indication that markets pre-

viously were not as adapt to price ESG-related news. In the 2014-2019 any negative impact

seems to be corrected. The negative alpha in earlier time intervals might also be due to the

sample period. As observed the portfolio return was quite low during the financial crisis.

This might be due to the substantial amount of banks in the sample. The events do not

go further back than 2004, which might impact the 2004-2009 portfolio, where the portfo-

lio does not contain as many cases in the first years. It takes 12/24/36 months before the

sub-sample have the same grounds for building a portfolio.

Using the Matched Control Sample as expected return

The Mean Monthly Calendar Time Abnormal Returns for T = 12, 24, and 36 are presented

in Table 14.
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Table 14: MMCTAR Significance

T=12

Full Sample Environmental Social Governance 2004-2009 2009-2014 2014-2019

MMCTAR -.0043 -.0108 -.0043 -.0001 -.0055 -.0033 -.0035

SE .0022 .0053 .0027 .0017 .0044 .0038 .0028

t-value -1.9343 -2.0167 -1.5908 -.0809 -1.2323 -.8847 -1.2701

p-value .0547 .0452 .1134 .9356 .2227 .3799 .2090

Significance ∗ ∗∗ − − − − −

T=24

MMCTAR -.0047 -.0079 -.0038 -.0021 -.0067 -.0022 -.0047

SE .0018 .0032 .0014 .0011 .0037 .0031 .0021

t-value -2.6124 -2.4545 -2.7479 -1.9232 -1.8079 -.7098 -2.2722

p-value .0098 .0151 .0066 .0560 .0757 .4806 .0267

Significance ∗ ∗ ∗ ∗∗ ∗ ∗ ∗ ∗ ∗ − ∗∗

T=36

MMCTAR -.0059 -.0011 -.0012 -.0023 -.0087 -.0035 -.0043

SE .0017 .0008 .0005 .0008 .0035 .0029 .0018

t-value -3.4976 -1.3241 -2.3416 -2.7492 -2.4980 -1.2379 -2.4183

p-value .0006 .1872 .0203 .0066 .0153 .2206 .0187

Significance ∗ ∗ ∗ − ∗∗ ∗ ∗ ∗ ∗∗ − ∗∗

Note: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

The full sample MMCTAR’s are, in contrast to the regression alphas, negative for all holding

periods. The negative abnormal return is significant at the 0.1, 0.01 and 0.01 level for

T = 12, 24, and 36 respectively. The alphas monthly abnormal return is −0.43%, −0.47%,

and −0.59% for T = 12, 24, and 36. An illustration of the weighted mean calendar time

abnormal return can be observed in Figure 33, 34, and 35.
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Figure 33: Calendar Time Abnormal Return Full Sample T = 12
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Figure 34: Calendar Time Abnormal Return Full Sample T = 24
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Figure 35: Calendar Time Abnormal Return Full Sample T = 36

The illustrated abnormal return show variation around a negative mean, shown as a red

line.

The MMCTAR alternative yield more significant subset portfolios compared to the factor

models. For T = 12 environmental yield a MMCART of −1.08% significant at the 0.05 level.

With T = 24, the only insignificant MMCART is the 2009-2014 sample. Social is significant

at the 0.01 level, the highest among subsamples at T = 24. The MMCART is equal to

−0.38%. Governance and 2004-2009 also provided significant negative abnormal returns,

of −0.21% and −0.67%, though only at the 0.1 significance level. At the 0.05 significance

level environmental and 2014-2019 subsets yield negative abnormal returns of −0.38% and

−0.47%. For T = 36, the governance portfolio yield the most significant results at the 0.01

level. However, the MMCTAR is not large at −0.23%. Social, 2004-2009, and 2014-2019

yield negative abnormal returns of −0.12%, −0.87%, and −0.43% at the 0.05 significance

level.

The monthly abnormal returns might seem small compared to the previously presented

buy-and-hold abnormal return. Therefore, monthly returns are annualized, calculated by
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Equation 2. The annualized monthly abnormal returns with a matched control sample as

expected return can be observed in Table 15. Factor model abnormal returns were not

annualized due to few significant results.

Table 15: Annual Abnormal Returns Calendar Time Portfolio Approach

T Full Sample Environmental Social Governance 2004-2009 2009-2014 2014-2019

12 -.0499 -.1216 -.0500 -.0016 -.0638 -.0393 -.0416

24 -.0552 -.0908 -.0452 -.0249 -.0777 -.0258 -.0552

36 -.0683 -.0127 -.0148 -.0274 -.0993 -.0417 -.0508

The annualized abnormal returns observed in Table 15 are quite similar to the ones obtained

with BHAR.

The results from the two alternative approaches to the Calendar Time Portfolio yield quite

different results. The monthly calendar portfolio returns vary with almost constant variance

around a mean of zero for all holding periods. The regression of portfolio returns against

factor models yielded alphas insignificantly different from zero in most cases, consistent with

market efficiency theory. The Fama and French five-factor model as an exception which

yielded a significant positive alpha for holding periods of 12 and 24 months on the full

sample. Portfolio returns compared to the matched control sample gave another result. The

full sample yielded consistently significant negative mean monthly calendar time abnormal

returns for all holding periods. The different results generated from the two alternative

methods confirm the estimation sensitivity to its assumption of expected returns.

7 Robustness tests

Robustness tests have been conducted to determine if general inference can be drawn from

the evidence presented in the empirical results. Verification of whether the regression as-

sumptions were met and tests of parameter sensitivity were conducted to assure analysis

quality. The sensitivity analysis ascertained the degree of uncertainty and sensitivity of the

results. The credibility and inference from the results will be discussed in the analysis.

7.1 Linear regression robustness

To assess whether the Ordinary Least Squares model is the appropriate estimation method

its regression assumptions were tested. The distribution of error terms εi have a uniform

variance and are uncorrelated with each other. The assumption of uniform variance is tested

with a Breusch–Pagan test (BPT) for Heteroscedasticity. The tests are meant to uncover
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whether the OLS is the best unbiased estimator (BLUE). If true, the model can be considered

unbiased and efficient.

7.1.1 Heteroscedasticity

The Breusch-Pagan test was applied to test the linear regression model for heteroscedasticity

(Breusch & Pagan, 1979). In the linear model, the residuals are assumed to have a mean of

zero as their variance is not dependent on the independent variables. The BPT examines the

estimate of the variance of residuals by regressing the squared residuals on the independent

variables in an auxiliary regression:

ε2i = γ1 + γ2z2i + ...+ yp + xpi + ηi

The test follows a chi-squared distribution where the test statistic is distributed nχ2 with k

degrees of freedom. If the p-value falls below a given significance level, the null hypothesis

of homoscedasticity is rejected and the alternative hypothesis of heteroscedasticity assumed

to be true.

The test statistic is obtained by the following Langrange multiplier (LM):

LM =

(
δ`

δθ

)ᵀ(
−E

[
δ2`

δθ δθ′

])−1(
δ`

δθ

)

The test statistic is the result of the coefficient of determination of the auxiliary regression

and sample size n:

LM = nR2

R provides a function for the Breusch–Pagan test called ”bptest” available in the ”lmtest”

package. This function was used to determine the presence of heteroscedasticity (Zeileis &

Hothorn, 2002).

The heteroscedasticity assumption was tested at the 0.1, 0.05, and 0.01 significance level. At

the 0.1 level 45, at the 0.05 level 35, and 0.01 12 regressions exhibit significant heteroscedas-

ticity. The regressions remain unbiased, but their efficiency is lost. The regressions which

reject the null hypothesis of homoscedasticity at the 0.01 level are given in Table 16.
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Table 16: Heteroscedastic regressions

Company Ticker Description Factor Event Date

Bank of America BAC Fraud and insider trading Governance 2010-10-16

Barclays BCS Sued over toxic MBS Governance 2016-12-23

Citigroup Inc. C ”Squawk” box scandal Governance 2009-04-22

Credit Suisse Group AG CS Auction-rate sec fraud Governance 2008-09-03

GlaxoSmithKline plc GSK Bribery in China Governance 2013-07-11

Halliburton Company HAL Oil spill Gulf of Mexico Environmental 2010-06-02

Newmont Corporation NEM Pollution of water Environmental 2004-10-19

Royal Bank of Scotland RBS.L 1MDB scandal Governance 2016-12-02

Rio Tinto Group RIO Contaminated miners Environmental 2004-05-20

Rolls-Royce Holdings plc RR.L Bribery probe Governance 2012-12-06

Standard Chartered PLC STAN.L 1MDB fraud Governance 2016-12-02

Walmart Inc WMT Sex discrimination Social 2011-03-29

If the assumption of the classical linear regression model of no heteroscedasticity is violated,

it can be interpreted that the Gauss-Markov theorem does not apply. The OLS is not the

BLUE and the variance is not the lowest of all other unbiased estimators. The presence of

heteroscedasticity does not cause OLS coefficient estimates to be biased. It might, however,

cause the variance of the coefficients to be biased. Hence, the regression will yield an unbi-

ased estimate for the relationship between the dependent and independent variables. The

interpretation of the analysis might be corrupt due to the standard errors of the independent

variable as biased standard errors lead to biased interpretation. As a result, this might lead

to wrong conclusions from the hypothesis test (Dougherty, 2011).

In order to dampen the presence of large observations, possible from an exponential growth

pattern, a logarithmic transformation of the data is applied to determine whether log returns

yield a better regression.

ln(ri) = ln

(
sit − si(t−1)

si(t−1)

+ 1

)

The linear model is transformed to an exponential model, where

ln(Rit) = ln(α) + βiln(rMt) + ln(ε)

The logarithmic transformation assumes that the random error term multiplies the true value

92



of Y to obtain the observed value. The error term is a percentage of the true value, and the

variance of the error distribution increases with increases in Y (Newbold et al., 2013).

The expected value of a given portfolio of stocks is assumed to follow a lognormal distribution.

The intuition is that over time the portfolio has a limited downside potential, -100%, whereas

the upside potential is limitless (Bodie et al., 2018).

Advantages of logarithmic return (Hudson & Gregoriou, 2015):

• Unlike normal returns, logarithmic returns are symmetric

• The frequency of compounding does not matter

• Logarithmic returns are time additive

• Prevent negative stock price

The log transformation yielded no reduction in the number of regressions which exhibit

heteroscedasticity at the 0.01 significance level. There are some undesirable properties asso-

ciated with logarithmic returns, such as:

• Do not give a direct measure of the change in wealth of an investor over a particular

period

• The mean of the logarithmic returns of a particular distribution cannot be used to

infer the mean of the simple returns of that distribution

The above stated undesirable properties associated with logarithmic returns complicate the

relationship between financial theory risk and return (Hudson & Gregoriou, 2015). Therefore,

with no reduction of heteroskedasticity, simple returns are deemed most appropriate to

estimate the market model abnormal return.

7.1.2 Autocorrelated Errors

As the market model only includes market return as a predictor of stock price return, the

error term will contain all other factors with an impact on the stock price. These factors

might be quite similar over time which will induce some correlation between the error terms

close together in time. Hypothesis tests and significance levels assume that the errors are

independent. Correlation in the error term will impact the error of the coefficient and

introduce bias. A positive correlation between the error term of adjacent observations can

lead to an unjust rejection of the t-test null hypothesis of the coefficient. As the standard

errors and the t-value will be biased upwards, the underestimated variance of the error term

might also lead to an exaggerated coefficient of determination (Newbold et al., 2013). In

most cases one only tests for positive correlation, as this paper aims to capture negative stock
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price movements, both positive and negative correlation have been investigated. To test for

autocorrelation in the error term the Durbin-Watson test (DWT) was applied (Durbin &

Watson, 1971).

The DWT assume that the error term follows a first-order autoregressive model:

εi = ρεt−1 + ut

where ρ is the correlation coefficient, ut is a random variable with mean of 0 and a constant

variance of σ2 and is not autocorrelated.

The first-order autoregressive model shows that the autocorrelation structure depends on

the previous error observation and the random term. The strength of the dependence on the

precious error is determined by the size of the correlation. Given that the errors have equal

variance.

The first-order autoregressive model assumes that the error in time t, εt, is highly correlated

with the error in the previous period, εt−1, but less correlated with errors two or more periods

previous in the time series:

Corr(εt, εt−1) = ρ

The assumption implies that errors that are separated by l periods and can be modeled as

follows:

Corr(εt, εt−1) = ρl

As a consequence, the correlation is exponentially diminished for each time-period from time

t. Hence, the correlation between errors far apart in time is relatively weak, whereas that

between errors closer in time are possibly quite strong.

The test statistics is computed as follows:

d =

∑n
t=2(et − et−1)2∑n

t=1 e
2
t

where et are the residuals estimated by the least squares.

Some intuition can be drawn from an approximation of d:

d = 2(1− ρ)

The possible value of d is 0 to 4 as ρ must be a number between 0 and 1. A value of

2 indicates no autocorrelation. If the Durbin–Watson statistic is significantly less than 2,

positive serial correlation is present. If the Durbin-Watson statistic is significantly larger

than 2, a negative serial correlation is present (Newbold et al., 2013). From this intuition a

hypothesis can be drawn.
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The Durbin-Watson statistic introduces some theoretical difficulty as the actual sample

distribution of d depends on the particular values of the independent variable. The test

statistic d is therefore set to an upper, dU , and lower, dL, limit based on the number of

observations, N , and regression parameters, k, for a given level of significance, α (Newbold

et al., 2013). Savin and White (1977) present tables for sample sizes ranging from 6 to

200 and for 1 to 20 regressors for models in which an intercept is included. Since there is

no n = 140 stated in the table, the next lowest sample size with a tabulated row is used.

Given a regression with an intercept and n = 140, and k = 1 and α = 0.01 dL = 1.522 and

dU = 1.562 (Savin & White, 1977).

The DWT null hypothesis (H0) states that there is no autocorrelation:

H0 : ρ = 0

The alternative hypothesis is that there is a positive (HA1) or negative (HA2) autocorrela-

tion:

HA1 : ρ > 0

HA2 : ρ < 0

The decision rules for the two-sided hypothesis test are as follows:

For HA1:

Reject H0 if d < dL

Accept H0 if d > dU

Test inconclusive if dL < d < dU

For HA2:

Reject H0 if d > 4− dL
Accept H0 if d < 4− dU

Test inconclusive if 4− dL > d > 4− dU

R is used to conduct the test, where the dwtest() function from the library lmtest is applied

(Zeileis & Hothorn, 2002). The number of regressions that exhibit significant negative or

positive correlation in the error term is low. The regressions which produce inconclusive DW

statistic and reject the H0 can be seen in Table 17.
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Table 17: Autocorrelated errors

Positive Correlation: Reject H0

Company Ticker Description Factor Event Date

Deutsche Bank DB Gold manipulation Governance 2014-04-01

Porsche Automobil Holding SE PAH3.DE Dieselgate Environmental 2015-11-02

Positive Correlation: Inconclusive

Barclays BCS Sued over toxic MBS Governance 2016-12-23

Negative Correlation: Reject H0

Daimler AG DAI.DE Bribery Governance 2010-03-24

DuPont de Nemours, Inc. DD Toxic chemical Environmental 2004-09-10

JPMorgan Chase & Co. JPM Maddoff fraud case Governance 2009-01-30

Rolls-Royce Holdings plc RR.L Bribery probe Governance 2012-12-06

UBS UBSG.SW UBS trader charged with fraud Governance 2012-09-14

Negative Correlation: Inconclusive

ConocoPhillips COP Oil spill in China Environmental 2012-01-03

The Goldman Sachs GS Insider trading Governance 2006-05-11

7.1.3 Model selection validation

To validate the selected estimation procedure the average regression statistics were evaluated.

One measure used to determine whether the market model regression predicts reasonable

normal returns was the regression r-squared.

The r-squared provides an important measure of the explanatory power of the regression. It

gives information regarding the amount of variation in the variables explained by the linear

regression model.

R2 = 1− SSE

SST

Where SSE is the sum of squared errors and SST the sum of squared total.

The higher the R2 the better the models explain the variance in data. The summary()

function in R was used and provides the r-squared and p-value of the regression coefficient.

The average R2 was 33.28504%, and the total number of significant coefficients at the 0.05

level was 283 out of 290. The average r-squared was deemed sufficient for the short-term

estimation window.

The OLS is regarded as the most efficient regression estimator after the robustness test

of heteroscedasticity and autocorrelation in the error term. There were few instances of
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significant breaches in the hypothesis of homoskedasticity and no autocorrelation. Hence,

the OLS with simple returns was used for the analysis. The instances where the regressions

breached the assumptions were not excluded. It is assumed that the few regressions which

might be inefficient will not impact the analysis significantly. The rationale being that

the short-term analysis will conclude on the mean produced by a total of 290 individual

regressions.

7.2 Sensitivity analysis

Model uncertainty and variable importance are tested in the sensitivity analysis. The model

variables are altered or changed and results re-estimated. The procedure tests the robustness

of previous results and can lead to better model specification or highlight the validity of the

models. The sensitivity of results is important knowledge when the empirical evidence is

analysed and discussed.

7.2.1 Market model regression: estimation period

To test whether the short term cumulative average abnormal return measured over the event

window is sensitive to the selected estimation period of 140 days the regression parameters

are re-estimated with an estimation period of 200 days.

The estimated regression AAR and CAAR are compared to results from an estimation

window of 140 days in Figure 36. The average abnormal return in solid lines and the

cumulative average abnormal return in dashed. The estimation window of 140 days, EW140,

in red, and the estimation window of 200 days, EW200, in cyan.

As seen from Figure 36 the daily average abnormal return is almost identical. The cumulative

abnormal return move interchangeably and is nearly identical after 21 days.

Table 18 reports the re-estimated CAAR after 21 days for the full sample and sub-samples,

standard deviation, standard error, Z-score, and corresponding p-value.

The results from the regression estimation based on 200 days are overall very similar to

the ones yielded by the 140 days regression. The full sample CAAR after 21 days is still

significantly negative at the 1% level. Estimated CAAR after 21 days is negative for all sub-

samples. The significance is almost identical, the only notable change is for the governance

sub-sample which was previously significant at the 10% level, now at the 5% level.

It can be concluded from the sensitivity analysis of the regression estimation period that

the short term CAAR estimates are independent of the selected regression estimation win-

dow.
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Figure 36: Comparison of short term results with different estimation windows

Table 18: CAAR Significance: Estimation Period 200 days

Full Sample Environmental Social Governance 2004-2009 2009-2014 2014-2019

CAAR -.0183 -.0350 -.0203 -.0140 -.0189 -.0154 -.0206

SD .0946 .1133 .0658 .0988 .0685 .0951 .1067

SE .0056 .0179 .0082 .0073 .0084 .0094 .0097

Z-score -3.2997 -1.9538 -2.4936 -1.9313 -2.2586 -1.6388 -2.1130

P-value .0005 .0254 .0063 .0267 .0120 .0506 .0173

Signifigance ∗ ∗ ∗ ∗∗ ∗ ∗ ∗ ∗∗ ∗∗ ∗ ∗∗

Note: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

7.2.2 Market model regression: beta estimate

The beta estimate derived from the stock returns regressed against the market might be

influenced by the period selected. Therefore, the robustness of the Abnormal Returns yielded

from the regressions which in turn are dependent on the estimates for beta are tested by
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assuming a beta of one. A beta of one implies stock returns are perfectly correlated with

the market return. Which means that the expected return is equal to the market return.

Hence, abnormal returns can be calculated simply by subtracting the stock returns against

the market return like in the Market Adjusted Method:

ARi = Ri −RMi

After the re-calculation of abnormal returns for each stock, the procedure for calculating

CAAR described in Section 4.6.1 ensued. The results of which can be viewed in Table 19. The

CAAR is still negative for all portfolios. Albeit, a bit closer to zero. The results of the 21-day

cumulative returns were tested to determine whether the results remain significantly lower

than zero. The results for the full sample are the same as with the regressed estimation of

beta, the 21-day cumulative return is significantly lower than zero. However, the significance

of subset portfolio Social and 2009-2014 are no longer significantly lower than zero.

Table 19: CAAR Significance: beta of one

Full Sample Environmental Social Governance 2004-2009 2009-2014 2014-2019

CAAR -.0147 -.0421 -.0088 -.0108 -.0216 -.0001 -.0233

SD .0993 .1186 .0660 .1038 .0714 .1109 .1014

SE .0058 .0188 .0082 .0076 .0087 .0109 .0093

Z-score -2.5156 -2.2425 -1.0688 -1.4165 -2.4713 -.0070 -2.5212

P-value .0059 .0125 .1426 .0783 .0067 .4972 .0058

Significance ∗ ∗ ∗ ∗∗ − ∗ ∗ ∗ ∗ − ∗ ∗ ∗

Note: *p < 0.1, **p < 0.05, ***p < 0.01

The graphical representation of Table 19 be observed in Figure 37. Figure 37 compares the

average abnormal returns from the regression beta (Table 8) to the CAAR calculated with

a beta of 1. The AAR illustrated in solid lines and the CAAR in dashed. The beta of 1

results are given in red and regression beta in cyan. The figure illustrates the relationship

between the regression abnormal returns and the market adjusted abnormal returns. The

average regression beta seems to be close to one, as the variation in average abnormal return

seems quite close. The regression intercept will also have an impact the observed difference.

Nevertheless, the difference in AAR is small, and consequently also the CAAR.
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Figure 37: Comparison of short term results with different beta estimates

The cumulative abnormal returns are dependent on the beta estimate from the regression.

Still, the conclusion of an overall negative CAAR can be drawn.

7.2.3 Buy-and-Hold Abnormal Return: expected return

To evaluate the sensitivity of the buy-and-hold abnormal return estimates, two alternative

proxies for expected return were applied. The sector index was matched to each company

sector to provide an estimate for the expected return. Besides, the market index MSCI

World was used as an alternative measure.

The compound average abnormal return estimated with the sector index as expected return

can be seen in Table 36 in Appendix H. Table 36 display BHAAR for all sample portfolios

over the holding periods 12, 24, and 36 months. Additionally, the table reports the num-

ber of event firms in the sample, standard deviation, standard error, t-value, p-value, and

corresponding level of significance.

The BHAAR estimate, with the sector as expected return, is positive for all portfolios at
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all holding periods. Compared to the BHAAR estimated with matched control sample, as

expected, the sector buy-and-hold average abnormal return are opposites. The full sample

market index BHAAR is significantly higher than zero at the 10%, 1%, and 1% level, for

holding periods 12, 24, and 36, respectively. Whereas, the full sample matched control firm

abnormal return was significantly lower than zero at the 1% level for all holding-periods.

For subsets with holding-period of 12 months, only Environmental and Social are significant,

both significant at the 5% level. At holding period of 24, in addition to environmental and

social, the 2004-2009 subset is significant at the 5% level. For holding-period of 36 months,

social, is significant at the 1% level, 2004-2009 and 2014-2019 are significant at the 5% level.

Governance and the 2009-2014 are the only portfolios that are insignificant for all holding

periods.

The calculated buy-and-hold abnormal return with market index as expected return can be

viewed in Table 37 in Appendix I.

Buy-and-hold abnormal return with MSCI as expected return yield less negative estimates.

Most BHARs are positive, except for Governance, which is negative for all holding periods.

The full sample abnormal return is significantly positive at the 1% level for holding periods of

T = 24 and 36. The most significant abnormal returns among the subsets are for Social which

yield significant abnormal return for holding periods T = 12, 24 and 36, at the 10%, 5%, and

1% significance level. All other subset portfolios are insignificant, except for Environmental

T = 12 and 2004-2009 T = 24, which are significant at the 5% and 10% level.

The use of indices as benchmarks faces problems such as the new listing bias, rebalancing

bias, and the skewness bias, which leads to weaker reliability of the results, especially for

the 36 month holding period. The biases can however be expected to pull the results in

different directions. New listing bias may arise since indices consist of newly listed firms. If

they underperform, as shown by Ritter (1991) there will be negative bias in the indices and

correspondingly positive bias in the abnormal returns. MSCI rebalances its indexes twice a

year (MSCI, 2020). To rebalance money weights, they must partly sell securities that have

performed well and add more of securities that have performed weakly. If one assumes a

mean reversion tendency of stock prices, this will add future good performers to the index

and remove future bad performers, leading to a positive bias in the index and a negative

bias in the abnormal returns. Lastly, skewness bias may arise since individual stock returns

are more volatile than market returns. This leads to inflated standard deviation estimates

and thus negatively biased test statistics (Pojezny, 2007).

The sensitivity analysis shows that results obtained by the Buy-and-hold abnormal return

are sensitive to the assumption of expected return. Although, the use of market indices as
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benchmarks have less statistical reliability than a matched control firm benchmark, the in-

duced biases may alter the results in opposing directions. The use of alternative benchmarks

provides greater insight into the performance of the sample’s average BHAR and shows the

sensitivity of the method to the choice of benchmark.

7.2.4 Calendar Time Portfolio Approach: portfolio weight

The portfolio return in the Calendar Time Portfolio approach was calculated so that all

companies received equal weight in the portfolio for each calendar month, independent of

the number of incidents each company had within the last T months. The CTP portfolio

return has been recalculated with event companies weighted equal to the number of related

instances within the last T months to investigate whether the results are impacted.

The CAPM, Fama and French three and five-factor model regression intercepts from the

complete sample can be observed in Table 38, in Appendix J. The regression intercepts

indicate a somewhat lower abnormal return for all holding periods. The five-factor alpha is

now significantly positive at the 10% level for holding period of T = 12, compared to the

previous 5% significance level.

The number of subset portfolios significantly different from zero changes slightly. The subset

portfolio intercepts can be observed, in Appendix J, Table 39, 40, 41 for the CAPM, three

and five-factor model respectively.

There are few significant changes to the CAPM subset portfolio estimations. Still, only the

social sub-sample yield a significant intercept.

The noticeable changes for the Fama and French three-factor model subsets are some subsets

with higher significance than before. The governance subset yields a significant negative

alpha at the 10% level for holding period of T = 36, from previously insignificant. Social

increase from significantly higher than zero at the 10% significance level for holding period

T = 24, to the 5% level.

The portfolio weight did not have a big impact on the Fama and French five-factor model

estimation. There are no significant changes.

The Mean Monthly Calendar Time Abnormal Return exhibit the same shift as the factor

model. More weight to companies that have suffered more than one event during the last T

months decrease the abnormal return. The MMCTAR for T of 12, 24 and 36 months can be

observed in Table 51, in Appendix J. The full sample has only changed for T = 12 in terms

of significance, from the 0.1 to the 0.05 level. Yet, the full sample MMCTAR decreased to

−0.50% (from −0.43%) , −0.58% (−0.47%), and −0.74% (−0.59%) for T = 12, 24 and 36.
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The negative trend hold for sub-samples as well. Governance is now significantly negative

for all T months. The most negative abnormal return is for subsample 2004-2009, at −1%

significant at the 0.01 level. To compare results, MMCTAR was annualized with Equation

2. The annual abnormal returns from the Calendar Time Portfolio approach with a matched

control sample can be seen in Table 20.

Table 20: Annual Calendar Time Portfolio Approach

T Full Sample Environmental Social Governance 2004-2009 2009-2014 2014-2019

12 -.0580 -.1218 -.0286 -.0073 -.0602 -.0578 -.0550

24 -.0672 -.0893 -.0404 -.0332 -.0863 -.0427 -.0646

36 -.0852 -.0107 -.0135 -.0367 -.1140 -.0566 -.0692

The Calendar Time Portfolio Approach is sensitive to portfolio weight. Overall the abnormal

return was reduced (more negative abnormal return) if companies are weighted according to

the amount of events suffered the last T months.

7.2.5 Calendar Time Portfolio Approach: excess return

The factor models abnormal return estimation can be sensitive to the assumption of market

return and the risk-free rate. Therefore, the portfolio return is regressed against the MSCI

Index, assumed to be the expected return, with a risk-free rate assumed to be zero:

Rpt = αp + βRMi

The regression intercept and significance for the full sample and sub-samples can be seen in

Table 43, in Appendix K. Complete regression estimates with regression coefficient can be

found in Appendix L. R-squared is still relatively high, 0.72− 0.84.

The alpha estimated is higher compared to the factor model estimates. An increased alpha

can be expected, the intuition can be supported by the fact that the excess return will

be higher when the risk-free rate is assumed to be zero. The regression intercepts are not

significantly different from zero. For the sub-sample portfolios, environmental and social are

the only which yield an alpha significantly higher than zero. Environmental is significant

at the 10% level for T = 36. Social is significant at the 1% and 10% level for T = 24 and

36.

The factor model estimates are not very sensitive to market index and risk-free rate. Results

are still quite close to market efficiency with mostly insignificant alpha estimates.

103



7.2.6 Calendar Time Portfolio Approach: expected return

The abnormal return estimated from the monthly calendar time portfolio depends on the

expected return. To assess the sensitivity of matched control sample estimates, the monthly

portfolio return is measured against a sector and market index. The monthly abnormal

return are averaged with a weighted mean as explained in Section 4.7.2. The Mean Monthly

Calendar Time Abnormal Return with expected return equal to the sector index can be

observed in Table 50, in Appendix M. The MMCTAR for the market index can be observed

in Table 51, in Appendix N.

The full sample abnormal returns with the sector as expected return are significantly positive

for all periods of T, at the 5%, 1%, and 5% significance level. Drastically different from the

MMCTAR which was significantly negative for all periods of T. The subsamples also change

from negative to mostly positive. Environmental is the only sub-sample which is significantly

negative, but only for T = 24 and at the 10% level. Governance is highly significant at the

0.01 level for T = 12, with an MMCTAR of 0.44%. The only other highly significant subset

is 2014-2019 for T = 36, with a mean monthly calendar time abnormal return of 0.32%.

The market index as expected return yields positive abnormal returns for all periods of T

and most sub-samples. There are few significant results, only governance at T = 12, social

for T=25, and the full sample and social given a period of 36 months. Governance and the

full sample is only significant at the 0.1 level, whereas social is significant at the 0.05 level.

The monthly abnormal return is, however, quite low.

The alternative expected return display how sensitive the Calendar Time Portfolio Approach

is to its assumption of expected return. The full sample portfolios are overall positive with

the sector and market index, in contrast to all negative with matched control sample as

expected return.

8 Analysis

The validity of the empirical results are discussed in the following section. The discussion re-

flects on the implications of the results and possible explanations for the observed behaviour.

The analysis ties the empirical results to the previously formulated problem statement and

corresponding hypotheses:

1. Does negative ESG related news impact stock price behavior in the short term?

2. Does negative ESG related news impose a long term effect on stock price behavior?

If negative ESG related news leads to an impact on stock price, does the effect of the

event:
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i Differ for ESG - factors?

ii Change over the period 2004 to 2019?

The hypotheses were formulated to provide testable answers to the problem statements. The

applied methodology was selected based on the hypotheses. Further, the results yielded from

the applied methods were challenged by alternative models to determine the robustness of the

estimations. Finally, the results are tied to the problem statements through the hypothesis

tests of model estimates and reflection on the results.

8.1 Short term stock price behavior

The method selected for the evaluation of short term price behavior was the market model.

The market model provides an estimate for the expected return based on previous stock price

observations. Hence, the idiosyncratic risk is taken to consideration in the investigation of

abnormal behaviour. Short term analysis of stock price behaviour in the days leading up

to the event and immediately after provided insight to the event impact on stock price.

Hence, an inference to whether the incident definition picks up on significant events and if

the incident coincides with the impact on stock price.

8.1.1 Short term hypothesis

The hypothesis for short term stock price behavior targeted the immediate market reaction

to the event. The null hypothesis assumed that the market would not react negatively to

the news. A rejection of the null hypothesis would implicate a negative reaction.

Null hypothesis (H0): the short term abnormal return is not significantly lower than zero

followed by an event.

Alternative hypothesis (HA): the short term abnormal return is significantly lower than zero

after an event.

To reject the null hypothesis the market model would have to yield a significant negative

abnormal return, i.e. negative return above what would be expected for the stock and

statistically lower than zero for a given significance level. The short term return was defined

as the sum of abnormal return over the event window. The event window covers 10 days

before and 10 days after the event.

The overall average abnormal return was significantly negative over the event window. The

cumulative average abnormal return, the sum of average abnormal return over the event

window, displayed a downwards trend from t = −1. At t = 10 the full sample CAAR was

−1.72%, significantly negative at the 1% level. The daily average abnormal return does fall
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sharply in reaction to the news. The cumulative average abnormal return is significantly

negative over the event window. Hence,

The null hypothesis (H0) of no negative abnormal return after an event can be rejected at the

1% level. Consequently, the alternative hypothesis (HA) can be accepted, and the abnormal

return followed by an event can be said to be significantly lower than zero.

The conditional research questions, whether the event effect differs for ESG factors or over

time, apply as the event induced significant short term negative abnormal returns.

8.1.2 Environmental news impact on stock price behaviour

The environmental sub-sample yield the most negative cumulative abnormal return of all

subsets. The CAAR 10 days after the event was −3.51% and significant at the 5% level. The

most substantial drop in average abnormal return was at time 9, with a negative AAR of

−0.7357%, at time 0 the AAR was−0.6753%, which was the second most negative. Increased

negative average abnormal return after t = 0 could indicate that more information is made

available to the market. It could also indicate that the markets are somewhat late in their

reaction to negative environmental news.

The immediate negative market reaction could be related to expectations of financial reper-

cussions. As discussed, the legal penalty for environmental violations average at 2.26%

(Karpoff et al., 2005). The 10 day cumulative average abnormal return of −3.51% im-

plies a negative impact on stock price in excess of average financial penalties for the short

term.

It should be noted that the sample presented in this paper does not differentiate between

event dates where companies are alleged of environmental violations, filed charges against,

or fined. Therefore, the full impact of the scandal might not be known at t = 0. Nonethe-

less, the excess negative abnormal return indicates a reputational impact for environmental

wrongdoing.

8.1.3 Social news impact on stock price behaviour

Social has the second most negative cumulative abnormal return 10 days after the event.

The CAAR at t = 10 equals −2.3% and is significantly lower than zero at the 1% level. The

lowest average abnormal return takes place on t = 4 at −0.4626%, second highest at t =

0 at −0.4242. A negative CAAR of −2.3% is considered comparatively large, compared to

previous studies which find a negative abnormal return of −1.2% (Chen et al., 2001).

In contrast to environmental, the repercussions of negative social corporate behavior might

106



not be as easily quantified. Negative social news does not always lead to fines or other

financial punishment. If the company, in the view of the public, displays an immoral act,

company profits might suffer from consumer actions such as boycotts. Other negative social

news might be related to lawsuits of discrimination or labour law violations with a potential

fine or settlement cost. Layoffs which might be considered negative social news can also

have a positive impact on the stock price. If investors view lay-offs as a good business

decision. The sample presented in this paper contains mostly discrimination and labour law

violations.

The large representation of discrimination and labour law violations in the sample could

explain the large negative abnormal return. As the sample method was constructed to pick

up serious negative ESG-incidents, the magnitude of negative abnormal return over the event

window seems reasonable.

8.1.4 Governance news impact on stock price behaviour

Governance exhibit the least negative cumulative abnormal return among the subsamples.

The negative CAAR at t = 10 of −1.1341% is still significantly negative at the 10% level.

The cumulative average abnormal return is positive prior to t = 0. In comparison to envi-

ronmental and social which exhibit a CAAR of −0.6025% and −0.6755% at t = −1. The

most negative daily average abnormal return for Governance was −0.6931% at t = 0. This

observation suggests that the market might be more adapt to price governance incidents, or

that the identification method of governance-related incidents is more precise.

A previous study of short term abnormal stock price behavior reports an average -10/+10

cumulative average abnormal return of −11.57% (Bauer & Braun, 2010). The study fo-

cused on alleged crimes of stock price manipulation, accounting fraud, and other serious

governance-related offences.

Close inspection of the sample presented in this paper does show some extreme positive

values which all fall under the governance category. The selection method could have been

more strict in its selection of governance-related scandals. A screening could have been

applied to remove instances where stock prices have fallen more than a given limit before

the event date. Again, it might be that the selection method in this paper detects the event

at another point in time compared to other studies, which might influence the results. All

things considered, the estimated results of the short term analysis does exhibit significant

negative cumulative average abnormal returns.
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8.1.5 Short term effect over time

The estimated cumulative average abnormal return for yearly intervals are, like all other

sub-samples, significantly negative. The 2014-2019 subset has the least positive CAAR at

time t = 10. The CAAR is equal to −2% for 2014-2019, significant at the 5% level, −1.39%

for 2009-2014, at the 10% level, and −1.73% for 2004-2009 significant at the 5% level. The

daily average abnormal return fell most, compared to all samples, for subsample 2014-2019

at t = 0, with −1.0083%. A large drop in average abnormal return compared to 2009-2014

and 2004-2009 which fell −0.3701% and −0.3535% at time t = 0.

Figure 20 show the development of CAAR over time for yearly intervals. One noticeable

difference is the almost vertical drop for the sample 2014-2019 at t = −1. Whereas 2004-2009

have less steep downwards slope after t = −1. This might be an indication that markets are

more adapt to price ESG-related scandals in 2014-2019, than 2004-2009. The above might

also be due to sampling. A longer time horizon could lead to a deeper understanding of the

sub-samples if dissimilarities become more pronounced over time.

Some deductions can be made from the development of CAAR over the event window for

the different sub-portfolios. Figure 20 illustrate factor subsets CAAR. The environmental

subset show a sharp downwards trend. One could speculate that the difference stems from

the factual nature of negative environmental news. The scope of the scandal might be clearer

at an earlier stage, compared to social and governance. There are perhaps less allegations

and more clear evidence of violations in an Environmental related incident. Again the

observation might be sample dependent, and there is no statistical difference.

To conclude the conditional research questions for the short term analysis given a negative

impact on stock price behavior followed by an event. The subset portfolios for environmental,

social, governance, 2004-2009, 2009-2014, and 2014-2019 are all significantly lower than zero.

The magnitude of the negative cumulative average abnormal return seems reasonable in light

of previous research. In terms of any significant difference between the subsets, no conclusions

can be drawn. Due to small differences in estimated CAAR and standard errors there are

no significant statistical differences in the reaction to the event between samples.

The above results are robust to the regression estimation period tested in the sensitivity

analysis. The regression coefficient beta is important, but when assumed to be 1, the results

still hold for the complete sample.

Two important conclusions can be drawn from the short term hypothesis test. Primarily, the

market reacts negatively to news concerning negative company ESG behavior. In addition,

the instance definition methodology picks up on ESG-incidents with reasonable timeliness

and precision.

108



8.2 Long term stock price behavior

The investigation of long term stock price behavior was approached with three different

models. The reason more models were applied to the long-term investigation stem from

the uncertainty of long-term estimation. An extension of the market model used in short

term estimation was used to illustrate this uncertainty. The model is not well-equipped

for long-term stock price estimation. The standard error bands are observed fanning out

as the estimation period increase, which illustrate the increased unpredictability. Hence, no

statistical conclusions could be drawn from the long-term estimation with the market model.

In an effort to reduce the uncertainty more adapt long-term estimation models were applied,

the buy-and-hold abnormal return and calendar time portfolio approach.

8.2.1 Long term hypothesis

The long-term hypothesis aims to answer the research question of whether the ESG related

news imposes a long term negative effect on stock price behavior. As previously discussed,

the long-term investigation and hypothesis tests are inherently more uncertain. Literature

also provides a mixed picture of the long-term effect connected to stock price. From a

market efficiency view, the market should adjust to the information instantly. However, the

full picture might not be apparent at the event date. Hence, the stock might continue to

fall as more information reaches the market. It might also be hypothesised that companies

which are connected to ESG-incidents are considered less responsible by market participants,

which might have an impact on long-term stock price. The companies cost of capital might

increase as the risk of new scandals are considered.

In the long term test, monthly returns were used. The use of monthly returns pose a

challenge as the precision decrease. Returns are first measured the subsequent month, which

could impact the ability to capitalize on the initial decrease in stock price. This might lead

to above normal returns in the long-term as the markets adjust to an overreaction to the

negative news shortly after t = 0. Therefore the long-term hypothesis was two-sided:

Null hypothesis (H0): the long term abnormal return followed by an instance is not signifi-

cantly different from zero.

Alternative hypothesis (HA1): the long term abnormal return followed by an instance is

larger than zero.

Alternative hypothesis (HA2): the long term abnormal return followed by an instance is lower

than zero.

The Buy-and-Hold Abnormal Return method was used to measure holding period return
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over 12, 24 and 36 months after the event. A strategy of long event company, short peer

yielded significant negative abnormal return of −6%, −10.54%, and −17.84% for holding

periods of 12, 24 and 36 months. The estimated abnormal returns are all significant at

the 0.01 level. The null hypothesis of no long term abnormal return after an event can be

rejected and the alternative hypothesis HA2 of significant negative abnormal return accepted.

The results are consistent with previous studies that find good governed firms to outperform

poorly governed firms with an annual alpha of 10 to 15 % between 1990 and 2001 (K. J. M.

Cremers & Nair, 2005). The conditional research questions might provide more insight into

the drivers of the abnormal stock price behaviour.

8.2.2 Environmental news long term effect

The BHAR estimation does not yield significant results for the environmental subsample.

Arguably because of the low sample size (40-35 events). The holding period return for the

environmental portfolio is low, −3%, −2.28%, and −2.24% for holding periods of 12, 24, and

36 months, compared to social and governance subsets.

The statistical inference from the CTP approach is not as influenced by the low number of

events, as the sample is based on monthly constructed portfolios. The portfolio alternative

where the matched control sample is used as expected return, yield statistically significant

negative abnormal returns. The mean monthly calendar time abnormal return for the en-

vironmental sub-sample is statistically significant at the 5% level for a period of 12 and 24

months after the event. The average monthly abnormal return is quite high, −1.08% and

−0.79% for T = 12 and 24. More noticeable when annualized, the return for T = 12 and

24 was −12.16% and −9.08%. For environmental, the CTP approach yield higher abnormal

return than BHAR.

Whether the null-hypothesis on no long-term impact on the stock price for the environmental

sample can be rejected depends on the estimation method. The alternative hypothesis of

negative abnormal stock price behaviour can be accepted for the environmental sub-sample

with the CTP approach with the control firm portfolio as expected return.

8.2.3 Social news long term effect

The sample of events related to the social factor yield somewhat ambiguous results. The

BHAR estimate a negative holding period return of −2.63%, −9%, and −17.36% for T = 12,

24, and 36. The 12 months holding period return is insignificant. The 24 is significant at

the 0.05 level, and 36 at the 0.01 level.

The evidence of underperformance is not supported by the factor model CTP approach. The
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CTP approach estimates a significantly positive alpha for T = 24 with CAPM, Fama and

French three and five-factor models. The estimate is in the range, 0.4% to 0.42%, and only

significant at the 10% level for CAPM and Fama and French tree-factor, 5% significance

level for Fama and French five-factor. The alternative CTP approach with matched control

sample as expected return, yield negative mean monthly calendar time abnormal return of

−0.43%, −0.38%, and −0.12% for a period of 12, 24 and 36 months. The estimates are

significant at the 0.01 and 0.05 level for T = 24 and 36, the 12 month period return is

insignificant. Annualized the CTP abnormal return was equal to −5%, −4.52% and −1.48%

for T = 12, 24 and 36. The trend observed for the time event company was included in the

portfolio is decreasing for CTP, while holding period return seems to increase for BHAR. The

conflicting results give an indication of the uncertainty related to long-term estimates.

8.2.4 Governance news long term effect

The governance sample make up most of the total sample with 185 events of 290. BHAR

estimates a negative abnormal return of −7.84%, −12.58%, and −21.17% for the governance

portfolio, all significant at the 0.01 level. The governance subsample yield the most negative

abnormal returns, compared to Social and Environmental. The observation of more severe

stock price reactions to governance is supported by previous literature. The rational has been

pointed to corporate governance and mismanagement as the only factor where investors can

be adversely impacted directly, not just through financial repercussions, such as fines and

stock price surges. The offended or inflicted part of a governance-related incident might be

the investor. Further, another plausible explanation could be that governance-related inci-

dents often lead to structural changes in management. This could prolong the market turmoil

and reduce the company’s focus on value maximization efforts for an extended period.

The CTP approach with factor model yields an insignificant alpha, in line with market

efficiency. However, the intercept is still negative. When measured against the matched

control sample, governance is significantly lower than zero at the 0.1 and 0.01 significance

level for T = 24 and 36. The mean monthly calendar abnormal return was −0.21% and

−0.23% for T = 24 and 36. Annualized the return was equal to −2.49% and −2.74%, which

seems small compared to BHAR.

The evidence does not support any statistical dissimilarity between ESG-factors in stock

price reaction to an event.

8.2.5 Long-term stock price behaviour over time

As is the case with ESG-factors, the evidence does not support any statistical difference

between the reaction to an event over time. However, the sample mean for different subset
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and empirical evidence presented in previous studies for different time periods can provide

an indication of the trend. The empirical results presented in this paper can suggest that

the long term negative abnormal return has decreased over time.

The BHAR report an abnormal holding period return for the 2004-2009 sample of −12%

for 12 months, −19.29% for 24, and −28.59% for 36. Compared to −3.27% −5.58% and

−15.51% for 2009-2014, and −5%, −9.65%, and −12.56% for 2014-2019. The same trend is

observed for the estimates obtained by the CTP approach with the matched control sample

portfolio. The mean monthly calendar time abnormal return for the 2004-2009 is more

negative than the 2009-2014 and 2014-2019 sample. The observed trend might indicate a

learning effect of capital markets, where the long term persistent negative alpha is reduced.

Markets are more adaptable to price negative ESG-related news which results in a more

rapid price adjustment. Hence, a reduced long-term negative abnormal return.

The observed trend might also be due to sample periods and events. The sample is par-

ticularly bank heavy, a sector which suffered greatly during the financial crisis of 2007/08.

The 2004-2009 sample might be influenced by the surge and 2009-2014 the recovery. The

2014-2019 sample does not contain the same amount of long-term observations, especially for

36 months. The 2004-2009 sample conversely does not have the same amount of events com-

pared to 2009-2014 and 2014-2019. The degree of comparison is therefore weakened.

This paper presented empirical evidence based on both the Buy-and-Hold Abnormal Return

method and the Calendar Time Portfolio Approach. The CTP approach estimates are often

in line with market efficiency. The factor models might, however, be inappropriate measures

of alpha due to portfolio construction, small and large firms weighted equally. Even with the

Weighted Least Squares estimator, which should give more weight to periods with higher

activity and statistical precision, the method might be criticised for not capitalizing on any

abnormal return due to the timing of the event. The initial impact on stock price from the

event is not captured by the CTP approach. As mentioned in the literature review (Section

2.4.2) the book-to-market ratio can be affected by the firms ESG-practice, which makes the

factor model ill-equipped to capture any abnormal return (Galema et al., 2008). Therefore,

the alternative portfolio approach where the expected return is given by the matched control

sample was presented.

The alternative portfolio approach to Calendar Time Portfolio Approach is statistically more

appropriate than the BHAR as it deals with the cross-sectional dependency. The CTP ap-

proach is still unsuited to mirror the capitalization potential of the initial market reaction.

Nevertheless, the CTP matched control sample comparison yield significant negative ab-

normal returns, in support of the BHAR estimates. If companies that have experienced

112



more than one event are given more weight in the portfolio the full sample estimated mean

monthly calendar time abnormal return was −0.5%, −0.58%, and −0.74% for a period of

12, 24 and 36 months. The monthly return might not seem large, but significant at the 0.05,

0.01, and 0.01 level for periods of 12, 24 and 36, respectively. Annualized the return was

−5.8%, −6.72%, and −8.52%. The matched control sample approach has been argued to

dominate the factor model due to the many limitations of the assumptions for factor models

(Lyon et al., 1999).

The sensitivity analysis emphasises the model estimates uncertainty connected to time hori-

zon and dependence on the assumption of expected return. Long-term estimates are not

exclusively negative if compared to sector or market indices as proxies for expected re-

turn.

8.3 Discussion

Inference can be drawn from the evidence of the short and long term hypotheses. Interest-

ingly, governance which yielded the least negative cumulative abnormal return in the short

term analysis yielded the most negative in buy-and-hold abnormal return in the long term.

The opposite holds for environmental, which yielded the most negative short term CAAR,

and least negative BHAR. It might be speculated whether governance-related scandals mar-

ket impacts are less immediate compared to social and environmental. There could be several

explanations as to why, the empirical evidence presented in this paper suggest that, the neg-

ative stock price from governance-related events drag out in time. As previously discussed

the observation might be sample dependent. Social does include many high-performing

tech stocks, which might impact the long-term abnormal return estimates. The observation

could also be an indication that the selection method detects governance-related events at

an earlier time in the development of the incident.

A similar development from short to long-horizon can be made for the subsets of yearly

intervals. The 2004-2009 sample had the least negative CAAR in the short term, and the

most negative buy-and-hold abnormal return. The opposite holds for 2014-2019, which was

the most negative in the short term analysis, and least negative after a holding period of

36 months. A general inference can be drawn where markets adapt to events more precisely

and adjust more rapidly. Again, there might be several explanations for the observed phe-

nomenon. The sample variation is one, another could be that information is more available

to the market in 2014-2019 compared to 2004-2009.

The event impact on the cost of capital and operational earnings can be inferred from the

stock price development. Stock price can be assumed to mirror the cost of capital. The
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rationale is that if the company wants to raise more capital through a share issue, the cost of

new capital would depend on the stock price. If the markets are assumed to be efficient, the

operational earnings should be reflected in the current stock price. Hence, if an event does

not impact operational earnings the post-event stock price should only reflect the additional

risk induced from the ESG-incident. The observed long-term negative stock price behaviour

can, therefore, be understood as an indication of the increased cost of capital and lower

operational earnings.

The study could be complemented with an analysis of companies subsequent quarterly or

annual results, to further investigate the operational earnings effect in detail. If the case is

unaffected operational earnings, and merely a reprising with additional ESG-risk, one should

expect that higher risk would lead to higher expected return in the future. The observed

persistent negative abnormal return, suggests that incidents affect firms operational earnings,

and that it takes time for this effect to materialize.

Other possible explanations for the observed long-term weak performance of event firms, is

that a negative ESG-incident may often be followed by more negative news relating to the

initial incident. Big ESG-scandals such as Volkswagens ”Dieselgate” and Bayers carcinogenic

weed killer are good examples of this. The initial incidents were followed by government

lawsuits, fines, and after substantial negative share price performance also lawsuits from

investors that felt mislead by the companies management. Such subsequent events may

often incur monetary costs directly affecting the firm’s operational income, in addition to

the reputational cost and sell-off from responsible investors, which in turn may affect the

firm’s financial costs. From another perspective, one could think that the motivation for

clean up and self-examination of ESG-practice may be the strongest in companies that have

experienced such negative ESG-incidents. If that is the case, the strong and persistent

market reactions to such incidents may paint a picture of an undeserved bad reputation for

the accused companies. Investigating the ESG-practice of companies following such incidents

could thus provide interesting insight on this part. If a company put in place strong practices

to enhance ESG and communicated this to the markets, would this affect the subsequent

stock performance?

Overall, if markets continue to strictly punish firms with bad ESG-practice, as observed in

this paper, it will work as a disciplinary mechanism to reinforce the shift towards sustainable

capitalism and responsible investing.

9 Limitations and critique

The limitations of the study concern both the sampled events, the stock market data, and

the methodology for calculating abnormal returns.
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With respect to sample size, it is evident that a larger sample size would give more reli-

able results and more significant test statistics. The collection methodology – with manual

collection on a case-by-case method – posed limitations on expanding the sample further.

However, there could be a trade-off in the number of cases and the “quality” of the cases

with regards to the type of ESG-related news the study seeks to capture. There is some risk

of selection bias as the employed detection methodology to some extent rest on a subjective

judgement. The use of generic keywords in search syntaxes and a schematic inclusion cri-

terion should however mitigate this bias. Due to the nature of the used search tool, Dow

Jones’ Factiva, the event sample may be biased towards large and well-known firms, as the

tool generates news article history sorted after the 100 firms with most articles. This means

that possible relevant cases that would have met the inclusion criteria, but where the media

coverage was too low, have been neglected in the study.

This selection bias should also be noted in the context of applying the methodology using

the Factiva database ex-ante, in that the search results are dominated by firms with high

media coverage. However, asset managers would arguably seldom screen the whole worlds

stock universe, but rather track coverage of firms they are already invested in or considering

investing in. As one can select specific firms in the methodology, this would tackle the bias in

a practical manner. Naturally, more sophisticated services such as Reprisk or Sustainalytics

would give more comprehensive updates of firms ESG-incident risks.

The criteria of including ESG-incident rest on a somewhat conservative approach in that

ESG-news are first defined as events after the third article about the same case is written

or when a second news source writes about the case. Many cases may thus be included at a

later stage in the development of the incident, than what is observed by the market reaction.

It can be observed that the sample on average has a negative trend in the 140 days prior to

the defined incident date, indicating that more of the negative reaction could be captured

by a less conservative detection methodology.

As in all event studies measuring long-rung abnormal returns, the reliability of the results is

sensitive to the use of the right benchmark for detecting abnormal returns. The event study

literature argues in favor of using a portfolio of matched control firms rather than market

indices to overcome problems such as skewness bias, rebalancing bias, and new listing bias.

The study uses a matched control sample as a benchmark in the long-horizon buy-and-

hold abnormal return calculations, but the matched control firms are detected using an

arguably sub-optimal screening methodology in only using Yahoo Finance’s screening tool

and screening for industry and market size as factors. The reliability of this part of the

study could have been strengthened by using more than one matched control firm portfolio

and/or more sophisticated screening methodology i.e. including book-to-market ratio or
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correlations.

All inferences drawn in this paper are made from previous observations of stock price. It

should, therefore, be noted that previous stock price behaviour is no guarantee of future

stock price behaviour. The overall validity of the results rests on the stock price information

gathered from Yahoo Finance. Arguably, the validity of the results could be increased by

gathering stock market data from other sources, such as Bloomberg and Datastream.

The currency delimitation might influence excess return estimated by factor models. The

risk-free rate should be in the same currency as the returns (Damodaran, 2020). The ratio-

nale is that different currencies carry different amount of risk. In this paper the risk-free rate

used is in USD. For more risky currencies, the excess return might, therefore, be artificially

high, and vice versa for more secure currencies. As the sample consists of a majority of US

stocks the currency delimitation is assumed to have little impact on overall estimates. In

addition, the factor model estimates did not change significantly when re-estimated without

the risk-free rate in the sensitivity analysis.

Estimation methods presented in this paper inherits biases, such as cross-correlation and

heteroskedasticity. More advanced methods could have been deployed such as standardized

calendar time portfolio approach. Advanced adjustments of event study methodologies to

counter method biases does, however, go beyond the scope of this paper.

Transaction costs or restrictions on shorting are deliberately excluded from this paper. An

inclusion of transaction costs would reduce the expected abnormal return.

In the short-term event study, limitations relate to the possible problems of using daily stock

market data, including non-normality of returns, auto-correlation and biased OLS-estimates

in the market model. Robustness checks have been carried out to mitigate these limitations.

Overall, the study has deployed various methods for detecting abnormal returns, deploying

different models for expected returns, and alternative reference portfolios to moderate the

aforementioned limitations and bring more depth into the analysis of results.

10 Conclusion

An explanation of the main arguments and key takeaways will be presented to reflect on

the state of market efficiency in the age of sustainable investments. The knowledge acquired

throughout this paper was presented in hopes of increased awareness of advantages and lim-

itations of responsible investing, which could lead to improved decision making. The thesis

aimed to address the fundamental questions of whether company stock price is influenced by

ESG incidents, and whether the impact would be long-lasting. Hypotheses were formulated

to provide testable answers to the research questions and formed the foundation for this
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paper.

The dispersed evidence of ESG and financial performance from previous literature has lead

to an ambiguous view of responsible investment. From which, the need for a transparent

ex-ante event classification methodology was identified. This led to the establishment of an

event selection method to determine whether a company was involved in an ESG related

scandal. Subsequently, ESG related incidents were detected through news articles based

on selection criteria for the period 2004 to 2019. Visual inspection of the selection method

showed that the sample data was evenly distributed over the investigation period of 2004

to 2019. The detected incidents were classified as Environmental, Social, or Governance

based on the nature of the event. A distribution of events for each ESG factor revealed

a sample bias towards Governance (n=185), which outweighed Environmental (n=40) and

Social (n=65) related incidents. When the number of incidents per sector was investigated.

another predisposition became apparent; Banks made up 45% of all instances. The distri-

bution of instances can be influenced by sector size and practices which are more exposed

to incidents. The selection bias could be amended by more restrictive keywords or other

inclusion criteria.

An investigation of normality in stock return used in the study found a slight leptokurtic

distribution. Histograms, density, and QQ-plots point towards fatter tails and higher peaked-

ness around the mean. A leptokurtic distribution of stock returns implies more prevalence of

extreme values compared to the normal distribution. An observation which can be supported

by previous literature. The distribution could also be explained by increased volatility of

sample companies surrounding the event, which leads to more extreme values.

Event study methodology was applied to explore the relationship between identified events

and stock price behaviour. Short term post-event stock price behaviour was measured with

the market model. The market model estimation demonstrated an immediate negative stock

price reaction. Average abnormal return for a 21-day event window (-10/+10) was −0.63%

at the date of the event. The overall average abnormal return was negative over the event

window, with a cumulated average abnormal return of −1.72%. The CAAR at t = 10 was

significant at the 0.01 level. The results are dependent on the estimation period. However,

sensitivity analysis point towards robust results when the estimation period and regression

beta was tested. Hence, the empirical evidence presented in this paper points towards an

immediate negative market reaction to negative ESG incidents.

The short term event study led to discoveries which could improve the selection method.

Primarily, the short-term evidence supports the event collection method and its precision

to time incident impact on stock price behaviour. Nonetheless, extreme positive values
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demonstrate potential improvements of the selection method which could be made. Two

of the top five most extreme positive cumulative abnormal returns were also two of the

companies which fell most during the regression estimation period. Such instances could

be excluded from a screen. Furthermore, all top five extreme values are in connection to

governance-related incidents. This could be an indication of inclusion criteria prone to pick

up on events during a rebound for governance related instances, or governance-related events

that are viewed positively by market participants.

Long-term event studies of stock price behaviour are more prone to estimation bias. There-

fore, several models were deployed when investigating the relationship between incidents

and long-term stock price behaviour. Short-term estimation models were not sufficient over

longer periods due to increased standard errors. More advanced event study methods aimed

to reduce the uncertainty of long-term estimation and thereby yield significant test results.

The empirical evidence of the long-term event study indicates a persistent post-event un-

derperformance. The event company was compared with a controlled matched sample, a

strategy which can be compared to going long the event company and short the peer. Buy-

and-hold abnormal return for holding periods of 12, 24, and 36 months show a negative

abnormal return of −6%, −10.54%, and −17.84%. All significant at the 0.01 level. The

results are, however, sensitive to the assumption of expected return.

The empirical evidence of long-term underperformance for event companies was supported

by the calendar time approach with a matched control firm as expected return. Hence,

a verification of the long-short strategy. The use of other expected returns did, however,

contest the previous results. Market and sector indices provide positive abnormal returns for

both buy-and-hold and calendar time portfolio approach. The conflicting results underpin

the uncertainty of long-term estimation. The variation of results obtained from one sample

could also yield useful insight into the robustness of previous event study literature results.

The type of estimation method and expected return assumption can have a make or break

impact on results. To the point where significant negative results could be significant positive

where another estimation method used.

The sustained long-term underperformance suggests event companies suffer from increased

cost of capital and lower operational earnings. Long-term post-event underperformance can,

as previously discussed, be caused by several factors. The event might drag out in time as

more information is made available to the market. The event could also cause management

to focus on legal proceedings instead of value maximization. Third-parties might not want

to cooperate with a company exposed to certain negative media attention. Customers may

want to punish the company for wrong-doings through boycotts. Finally, the company stock

market valuation could be lowered indefinitely as investors with ESG preferences consider

118



the company as less sustainable. In any case, companies related to negative ESG-related

incidents could potentially undergo a persistent deterioration of market value.

Subsamples of environmental, social, and governance-related events were used to conclude on

factor specific impact on stock price. The short-term development was significantly negative

for all factor subsets. No conclusions could be drawn concerning the significant difference in

the impact on stock price behaviour. Yearly subsamples could not with statistical precision

give any indication of a change in event impact on stock price over time either. The lack of

statistical difference between subsets might be explained by the low number of observations

in some of the subsets.

The observed mean of subsets over time implies a trend which suggests that market reaction

to information might differ. Governance could be linked to less severe underperformance in

the short term, and more severe underperformance in the long term. Capital markets might

also exhibit some learning effects over time. The sample was insufficient to comment on

these trends with any significance.

To conclude, the presented empirical evidence could be used to draw an inference of market

reaction to non-financial information. The deductions from estimated results based on dif-

ferent event study methodologies may shed light on previous empirical findings. Investors

with an unrestricted investment universe are shown to achieve persistent significant alpha

by exploitation of company-specific negative ESG-related news. The presented empirical

evidence might lead to increased investor awareness of the expected stock price behavior

followed by an ESG-incident. Consequently, markets could become more adapt to price

ESG-related information.

11 Suggestions for future research

Future research should aim to increase the overall sample size for subsets and time period

of investigation. A larger sample could increase the statistical inference of trends observed

in this paper. More instances related to environmental and social would enable a better

understanding of short and long term impact on stock price among ESG factors. A longer

time horizon could increase the knowledge of capital markets learning effect. A suggestion

to increase the sample size would be to include machine learning techniques such as text

mining.

Alternatively the sample could be used to investigate other proposed profitable ESG in-

vestment strategies. Such as weighted sector portfolios based on incident prone sectors or

weighted beta portfolios.

Furthermore, the sample could be used to test the precision of other commonly used ESG
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proxies, such as ESG indices or ratings. At which point does the proxies reflect the current

market information and can they be used to capitalize on the immediate market effect.

Analysis of firm fundamentals in the subsequent years of an incident could reveal a greater

understanding of why weak performance often is persistent, in better distinguishing between

operational earnings effect on the firms and capital markets punishment in the pricing of

the firms. Companies corporate respondents in the aftermath of such incidents could further

be an interesting topic of analysis. This could reveal whether companies who display valid

ESG-strategies and measures to mitigate ESG-risk, experience a quicker rebound in market

value.

Lastly, the role of active responsible investors in relation to ESG-incidents could be a com-

pelling unit of analysis to better capture current practices in investor behaviour. Whether

investor activism can have an influence on stock price rebound post-event. This could re-

veal knowledge on the business case of helping companies towards more sustainable business

practice.
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Appendices

A Inclusion criteria checklist

Checklist YES/ NO

Does it relate to a listed company?

• Is the article related to a specific company?

• Is the identified company in the article the provoking part?

Is the news article relevant to ESG?

• Is the headline or main discussion related to an ESG keyword?

• Which category does the keyword fall under?

Does it fit the definition of a scandal?

• Is it mentioned two or more independent news sources within 365 days, or

• Are there three or more articles regarding the same incident within 365 days?

Table 21: Checklist table

B Search terms

Environment: Expert search terms used: News sentiment: Negative News (English) Envi-

ronment (English)* Carbon Emissions (English)* * Copied syntax into free text search

Free text search: (((CO2 OR carbon dioxide OR carbon OR (greenhouse W/1 (gas OR

gases))) /N3/ (released OR release OR releases OR emissions OR emission OR emitter OR

emitting OR production OR produces OR produced OR produce)) OR ((carbon /N2/ (tax

OR taxes)) OR ((carbon emissions OR emissions OR carbon) /N3/ (trading OR trade))) OR

((carbon credits OR carbon offset OR carbon offsets OR carbon neutral) OR (carbon neu-

trality OR (CO2 W/2 (dissolved OR dissolve)))) or atleast5 carbon) not ((carbon monoxide

detectors) OR (Zero Carbon OR Powernext Carbon OR SGL Carbon)) or ((Climate /n3/

(change or changes or changed or changing)) or Kyoto Protocol OR green (growth or in-

frastructure or investment or investments or strategy or design) OR environmentalist$1 OR

pollution OR pollution OR polluted or pollutant or polluters or pollutants OR ((clean OR

cleaner or quality or contamination or contaminated or contaminate) /n2/ (water or air))

OR (help or helping or helps) w/3 the environment or Environmental Protection OR eco

friendly or ecofriendly or ecological OR ((carbon or emissions or pollution or exhaust or

particulate or particulates or CO2) /n5/ (reduce or reducing or reduces or reduced or less

or fewer or emitting or neutral or zero or neutrality or lower or lowered or cleaner or clean

or alternative or alternatives or footprint or impact or impacts or offset or capture)) OR

((Earth or planet or environment or energy) /n10/ (friendly or supports or supporting or

128



conserve or conserves or conservation or green or saving or saves or save or commitment or

committed or impact or effective or sustainable or leader or leading or leads)) OR carbon

(reporting or disclosure or efficiency) or greenhouse (gas or gases) or climate change or global

climate or global warming or environmental metrics or decarbonization OR deforestation OR

(protection OR protect OR degradation OR degraded OR conservation) /N5/ (forests OR

environment OR forest OR forestry) OR atleast3 emission$2) not (hd=(calendar or letters)

or friendly environment)

Social: Expert search terms used: News sentiment: Negative News (English) Fair labor

practices* Working conditions* * Copied syntax into free text search

Free text search: ((hlp=(workplace or worker* or labor* or labour* or personnel or em-

ployee* or human resources)) and (hlp=(fair or fairness or unfair*) /n2/ practice* or hlp=fair

near4 practi*) or hlp=(fair labor or pay standards or employment practices OR CANADA

LABOUR CODE OR UNITED KINGDOM LABOUR LAW OR IRISH LABOUR LAW

OR AUSTRALIAN LABOUR LAW) or atleast3 FLSA or hlp=((basic wage* or minimum

wage* or overtime pay* or child labor or subminimum wage* or recordkeeping or record*

/n2/ (kept or keep*) or equal pay) /n3/ (standard* or regulat* or fairness or propos* or

legislat* or lawmak* or protection* or laws or law or legal* or illegal* or unfair* or provision*

or exemption* or enforc* or rules or ruling or practices or violat* or (labour /n2/ minist*) or

(Labor /n2/ (Department or Dept or secretary or minist*)))) OR (hlp=(*gender* or basis of

sex or sexual or women or female or racial or racist or race or racial* or ethnic* or minority

or minorities or people of color or disabilit* or disabled) /n3/ (discriminat* or unequal* or

inequalit* or unfair* or mistreat* or treatment or fairness or different* or sexis* or harrass*

or bias* or diversity or protect*))) or (((office worker$2 or the office$2 or workplace or com-

panies corporation$2 or at work or while working) near10 ((safety or wellness or prejudice

or discrimination or women or lgbt* or gay or lesbian or transgender* or ethnic or ethnic-

ity or english or handicap* or disabled or impaired or foreign born or african american or

latino or hispanic or aboriginal or indigenous or native american* or pregnant or expect*

mothers or migrant$2 or skilled worker$2 or unskilled worker$2 or laborer$2 or labourer$2)

or (((restrict* or forbid* or ban or banning or bans or banned) near5 (english or language or

spanish or french))))) or ((occupational safety w/2 health act or national workplace health

w/2 safety or european agency for safety w/2 health at work or osha or whs act or ccohs or

ohs or oh&s) near10 (violat* or fine or fined or fining or citation)))

Social 2: Expert search terms used: News sentiment: Negative News (English) Equal Op-

portunities* Labor* * Copied syntax into free text search

Free text search: (((labour or labor or personnel or employee or employees or staff or staffing
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or union or unions or workers) /n10/ (cost or costs or issues or contract or contracts or data

or figures or stats or statistics or agreement or agreements or job protection or productivity

or union or unions)) or ((employee or employees or job or jobs or staff or staffing or positions)

/n10/ (rights or rank or ranks or seniority or promotion or promotions or growth or reduction

or reductions or attrition or eliminate or eliminates or eliminating or hiring or hire or firing))

or job cuts or job cutting or payroll or payrolls or human resources or compensation or job

security or job opportunities or outsourcing or ((union or unions) /n20/ (officials or negotiate

or negotiation or negotiations or agreement or agreements or board or worker or workers or

strike or strikes or new hire or new hires)) or ((union or unions or workers or labour or labor

or employees or personnel or staff or staffing or positions) near10 (benefit or benefits or health

care or healthcare or pension or pensions or wage or wages or salary or salaries or raises or

pay or bonus or bonuses or inflation or compensation or compensations or remuneration

or remunerations or cost of living or contract or contracts or retirement or voluntary)) or

((labour or labor or employee or employees or personnel or union or unions) near5 (relations

or operations))) or [(Equal OR equality) /N5/ (opportunity OR equal opportunities) OR

(discriminat$ OR inequality OR equality) /N7/ (skin OR gender OR disab$9 OR Women OR

race OR racial OR treatment OR sex) OR (women OR disab$9) /N3/ (rights OR legislation

OR workplace)] OR child labour OR child labor OR child OR children OR product recall

OR data leakage OR data breach OR recalls OR security breach OR product safety OR

chemical safety

Governance: Expert search terms used: News sentiment: Negative News (English) Corporate

governance* Investor engagement* * Copied syntax into free text search

Free text search: [corporate W/1 (governance OR reporting) OR (corporate OR corpora-

tion OR corporations OR Enterprise OR Enterprises) /N7/ (accountability OR governance)

OR governance /N5/ (issues OR practices OR strategy OR policy OR policies OR process

OR processes OR compliance) OR governance /N3/ (corporate OR corporation OR cor-

porations OR multinationals OR business OR businesses OR company OR companies OR

Enterprise) OR governance /N10/ shareholders] or ((investor engagement or shareholder

(engagement or activis$ or proposal$) or investor near2 (activis$) or engag$ near2 (investor$

or shareholder$) or proxy near2 (access or vot$)) or ((shareholder$2 or investor$2) near10

((executive compensation or executive pay or (executive or ceo) near5 (pay or compensat*

or salar*))))) not (hlp=verticalnews or sc=WC70258 or ns=ncal or (sc=djdn and hd=news

highlights)) or business ethics or tax transparency or corruption and instability or fraud or

money laundering.
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C Flowchart of exclusion and inclusion of instances

Initialize search

Number of

results: 61035

Is the result relevant

to a listed company?

Number of com-

pany specific

instances: 34036

Number of

instances not

related to

company: 26999

Is the article a du-

plicate (identical)?

Number of

unique relevant

results: 30160

Number of

duplicates: 3876

yes

no

yes

no
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Is the article related to

an already identified

scandal, unrelated

to ESG or doesn’t

fall under the defi-

nition of a scandal?

Number

of relevant

instances: 290

Number of

irrelevant

results: 29870

Register instance

date and keyword

End search

yes

no

Results are aggregated for the four searches.

D Overview of Events
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Table 22: Event data

Ticker First date Event date Factor Sector Peer

1 000270.KS 2013-02-27 2013-12-23 Environmental MSCI World Automobiles Index 7267.T

2 005930.KS 2018-09-27 2018-09-27 Social MSCI World Information Technology Index 003555.KS

3 ADBE 2014-04-24 2014-04-25 Social MSCI World Information Technology Index ORCL

4 AIG 2004-09-22 2004-10-04 Governance MSCI World Insurance Index SLF

5 AIG 2005-03-22 2005-03-31 Governance MSCI World Insurance Index SLF

6 AIG 2010-10-05 2011-01-03 Governance MSCI World Insurance Index SLF

7 AIG 2010-10-12 2011-01-07 Governance MSCI World Insurance Index SLF

8 AIR.PA 2007-10-12 2008-06-13 Governance MSCI World Insurance Index SAF.PA

9 AIR.PA 2011-05-31 2012-03-06 Governance MSCI World Aerospace and Defense Index SAF.PA

10 AIR.PA 2016-04-01 2016-04-05 Governance MSCI World Aerospace and Defense Index SAF.PA

11 AIR.PA 2017-01-19 2017-01-20 Governance MSCI World Aerospace and Defense Index SAF.PA

12 AIR.PA 2018-12-20 2018-12-20 Governance MSCI World Aerospace and Defense Index SAF.PA

13 ALV.DE 2006-01-10 2006-01-11 Social MSCI World Aerospace and Defense Index AXAHY

14 ANF 2015-02-25 2015-02-26 Social MSCI World Insurance Index BKE

15 BA 2004-05-15 2004-07-19 Social MSCI World Retailing Index RR.L

16 BA.L 2007-06-26 2007-07-04 Governance MSCI World Aerospace and Defense Index TDG

17 BAC 2004-01-05 2004-01-08 Governance MSCI World Aerospace and Defense Index RY

18 BAC 2004-03-17 2004-06-24 Governance MSCI World Banks Index RY

19 BAC 2009-04-21 2009-04-22 Governance MSCI World Banks Index RY

20 BAC 2008-03-01 2008-03-08 Governance MSCI World Banks Index RY

21 BAC 2010-04-18 2010-04-22 Governance MSCI World Banks Index RY

22 BAC 2011-03-26 2011-03-26 Governance MSCI World Banks Index RY
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23 BAC 2011-08-08 2011-08-09 Governance MSCI World Banks Index RY

24 BAC 2012-07-20 2012-07-20 Governance MSCI World Banks Index RY

25 BAC 2009-07-01 2009-08-03 Governance MSCI World Banks Index RY

26 BAC 2010-10-15 2010-10-16 Governance MSCI World Banks Index RY

27 BAC 2013-08-28 2013-08-28 Social MSCI World Banks Index RY

28 BAC 2015-05-20 2015-07-24 Governance MSCI World Banks Index RY

29 BAYN.DE 2018-08-13 2018-08-13 Environmental MSCI World Banks Index AGN

30 BAYN.DE 2011-03-21 2011-03-21 Social MSCI World Pharma, Biotech and Life Sci Index AGN

31 BBY.L 2005-08-31 2005-10-03 Social MSCI World Pharma, Biotech and Life Sci Index BAB.L

32 BCS 2011-12-01 2011-12-02 Governance MSCI World Construction and Engineering Index NA.TO

33 BCS 2010-07-23 2011-04-26 Governance MSCI World Banks Index NA.TO

34 BCS 2011-10-18 2011-10-19 Governance MSCI World Banks Index NA.TO

35 BCS 2012-07-01 2012-07-03 Governance MSCI World Banks Index NA.TO

36 BCS 2013-07-28 2013-07-29 Governance MSCI World Banks Index NA.TO

37 BCS 2014-06-25 2014-06-26 Governance MSCI World Banks Index NA.TO

38 BCS 2014-12-11 2015-05-07 Governance MSCI World Banks Index NA.TO

39 BCS 2015-11-13 2016-01-11 Governance MSCI World Banks Index NA.TO

40 BCS 2016-05-31 2016-05-31 Governance MSCI World Banks Index NA.TO

41 BCS 2012-10-31 2013-07-16 Governance MSCI World Banks Index NA.TO

42 BCS 2014-03-11 2014-04-10 Governance MSCI World Banks Index NA.TO

43 BCS 2016-12-23 2016-12-23 Governance MSCI World Banks Index NA.TO

44 BCS 2017-04-10 2017-04-10 Governance MSCI World Banks Index NA.TO

45 BHC 2016-08-11 2016-08-11 Governance MSCI World Banks Index CTLT

46 BHP 2015-11-11 2015-11-13 Environmental MSCI World Pharma, Biotech and Life Sci Index FMG.AX

47 BK 2011-01-31 2011-02-03 Governance MSCI World Metals and Mining Index BX

48 BNP.PA 2014-02-13 2014-02-13 Governance MSCI World Diversified Financials Index ACA.PA
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49 BOSCHLTD.NS 2015-11-19 2015-12-16 Environmental MSCI World Banks Index MOTHERSUMI.NS

50 BP 2006-04-06 2006-04-06 Environmental MSCI World Automobiles and Components Index TOT

51 BP 2010-05-01 2010-05-04 Environmental MSCI World Energy Index TOT

52 BP 2017-09-21 2018-01-09 Environmental MSCI World Energy Index TOT

53 BP 2017-03-09 2017-03-09 Governance MSCI World Energy Index TOT

54 BP 2005-09-23 2005-12-09 Social MSCI World Energy Index TOT

55 BP 2008-06-05 2008-06-11 Governance MSCI World Energy Index TOT

56 C 2004-01-05 2004-01-06 Governance MSCI World Energy Index RY

57 C 2004-05-10 2004-05-11 Governance MSCI World Banks Index RY

58 C 2005-06-10 2005-06-10 Governance MSCI World Banks Index RY

59 C 2005-08-09 2005-08-16 Governance MSCI World Banks Index RY

60 C 2009-04-21 2009-04-22 Governance MSCI World Banks Index RY

61 C 2009-08-25 2009-08-26 Governance MSCI World Banks Index RY

62 C 2009-12-12 2009-12-12 Governance MSCI World Banks Index RY

63 C 2010-05-07 2010-08-02 Governance MSCI World Banks Index RY

64 C 2011-01-04 2011-01-04 Governance MSCI World Banks Index RY

65 C 2011-02-22 2011-02-23 Governance MSCI World Banks Index RY

66 C 2011-06-27 2011-06-28 Governance MSCI World Banks Index RY

67 C 2011-06-09 2011-06-13 Governance MSCI World Banks Index RY

68 C 2013-06-18 2013-06-18 Governance MSCI World Banks Index RY

69 C 2014-02-28 2014-03-01 Governance MSCI World Banks Index RY

70 C 2018-06-01 2018-06-05 Governance MSCI World Banks Index RY

71 CBA.AX 2017-08-03 2017-08-03 Governance MSCI World Banks Index WBC.AX

72 COP 2011-08-25 2012-01-03 Environmental MSCI World Banks Index CEO

73 COP 2017-09-21 2018-01-09 Environmental MSCI World Energy Index CEO

74 CS 2004-08-19 2004-08-20 Governance MSCI World Energy Index ING
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75 CS 2005-03-05 2005-03-07 Governance MSCI World Banks Index ING

76 CS 2007-05-04 2007-05-04 Governance MSCI World Banks Index ING

77 CS 2008-09-03 2008-09-03 Governance MSCI World Banks Index ING

78 CS 2010-01-04 2010-01-04 Governance MSCI World Banks Index ING

79 CS 2014-02-26 2014-03-13 Governance MSCI World Banks Index ING

80 CS 2016-01-31 2016-02-01 Governance MSCI World Banks Index ING

81 CS 2017-05-30 2017-05-30 Governance MSCI World Banks Index ING

82 CS 2018-02-14 2018-07-06 Governance MSCI World Banks Index ING

83 CVX 2004-06-15 2004-07-09 Environmental MSCI World Banks Index PTR

84 CVX 2017-08-30 2018-03-21 Environmental MSCI World Energy Index PTR

85 CVX 2007-11-15 2008-07-01 Governance MSCI World Energy Index PTR

86 CVX 2012-03-21 2012-03-28 Environmental MSCI World Energy Index PTR

87 DAI.DE 2016-02-18 2016-02-19 Environmental MSCI World Energy Index BYDDF

88 DAI.DE 2010-03-24 2010-03-24 Governance MSCI World Automobiles Index BYDDF

89 DAL 2011-03-03 2011-11-16 Social MSCI World Automobiles Index LUV

90 DANSKE.CO 2017-10-12 2017-10-12 Governance MSCI World Transportation Index SWED-A.ST

91 DB 2004-01-23 2004-01-24 Governance MSCI World Banks Index MTB

92 DB 2010-03-17 2010-03-18 Governance MSCI World Banks Index MTB

93 DB 2011-05-03 2011-05-04 Governance MSCI World Banks Index MTB

94 DB 2011-05-20 2012-02-14 Governance MSCI World Banks Index MTB

95 DB 2013-10-21 2013-12-04 Governance MSCI World Banks Index MTB

96 DB 2015-04-15 2015-04-15 Governance MSCI World Banks Index MTB

97 DB 2015-10-25 2015-10-26 Governance MSCI World Banks Index MTB

98 DB 2015-03-09 2015-11-13 Governance MSCI World Banks Index MTB

99 DB 2018-06-01 2018-06-05 Governance MSCI World Banks Index MTB

100 DB 2014-12-08 2014-12-09 Governance MSCI World Banks Index MTB
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101 DB 2005-02-18 2005-02-25 Social MSCI World Banks Index MTB

102 DB 2009-07-20 2009-07-22 Social MSCI World Banks Index MTB

103 DB 2013-12-03 2013-12-05 Governance MSCI World Banks Index MTB

104 DB 2014-03-11 2014-04-01 Governance MSCI World Banks Index MTB

105 DD 2004-08-12 2004-09-10 Environmental MSCI World Banks Index MTB

106 DD 2015-09-14 2015-09-14 Environmental MSCI World Materials Index APD

107 DUK 2006-11-01 2006-11-02 Environmental MSCI World Materials Index APD

108 DUK 2014-02-12 2014-02-13 Environmental MSCI World Utilities Index SO

109 EFX 2017-09-08 2017-09-08 Social MSCI World Utilities Index SO

110 F 2014-10-22 2015-02-06 Social MSCI World Com. and Prof. Services Index SGSOY

111 FB 2017-03-17 2017-03-17 Governance MSCI World Automobiles Index BYDDF

112 FB 2018-03-20 2018-03-20 Social MSCI World Communication Services Index TCEHY

113 FCA 2014-10-21 2015-07-30 Social MSCI World Communication Services Index TCEHY

114 FCA 2017-11-02 2017-01-23 Governance MSCI World Automobiles Index FUJHY

115 FCAU 2015-02-25 2016-01-15 Environmental MSCI World Automobiles Index FUJHY

116 GEO 2017-09-20 2018-07-23 Social MSCI World Automobiles Index FUJHY

117 GM 2017-05-25 2017-05-25 Environmental MSCI World Real Estate Index UHT

118 GM 2014-03-14 2014-03-19 Social MSCI World Automobiles Index BYDDF

119 GOOGL 2016-05-24 2016-05-28 Governance MSCI World Automobiles Index BYDDF

120 GOOGL 2017-03-17 2017-03-17 Governance MSCI World Communication Services Index NPSNY

121 GOOGL 2017-09-14 2017-09-14 Social MSCI World Communication Services Index NPSNY

122 GOOGL 2013-03-13 2013-04-22 Social MSCI World Communication Services Index NPSNY

123 GOOGL 2014-04-24 2014-04-25 Social MSCI World Communication Services Index NPSNY

124 GOOGL 2017-09-14 2017-09-14 Social MSCI World Communication Services Index NPSNY

125 GOOGL 2018-01-08 2018-01-09 Social MSCI World Communication Services Index NPSNY

126 GOOGL 2018-10-28 2018-11-08 Social MSCI World Communication Services Index NPSNY
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127 GS 2004-02-12 2004-02-17 Governance MSCI World Communication Services Index NPSNY

128 GS 2005-03-05 2005-03-07 Governance MSCI World Diversified Financials Index SCHW

129 GS 2006-04-12 2006-05-11 Governance MSCI World Diversified Financials Index SCHW

130 GS 2009-07-30 2010-04-16 Governance MSCI World Diversified Financials Index SCHW

131 GS 2011-03-01 2011-03-03 Governance MSCI World Diversified Financials Index SCHW

132 GS 2015-10-14 2016-03-08 Governance MSCI World Diversified Financials Index SCHW

133 GS 2014-07-28 2014-10-22 Social MSCI World Diversified Financials Index SCHW

134 GS 2018-03-31 2018-04-02 Social MSCI World Diversified Financials Index SCHW

135 GS 2012-06-08 2012-10-23 Governance MSCI World Diversified Financials Index SCHW

136 GS 2014-07-01 2014-10-22 Social MSCI World Diversified Financials Index SCHW

137 GS 2016-06-13 2016-07-05 Governance MSCI World Diversified Financials Index SCHW

138 GSK 2007-12-30 2007-12-30 Governance MSCI World Diversified Financials Index SCHW

139 GSK 2011-12-13 2011-12-13 Governance MSCI World Pharma, Biotech and Life Sci Index AZN.L

140 GSK 2013-07-08 2013-07-11 Governance MSCI World Pharma, Biotech and Life Sci Index AZN.L

141 GSK 2004-06-03 2004-06-04 Social MSCI World Pharma, Biotech and Life Sci Index AZN.L

142 GSK 2007-03-27 2007-05-07 Social MSCI World Pharma, Biotech and Life Sci Index AZN.L

143 GSK 2012-01-22 2012-07-02 Social MSCI World Pharma, Biotech and Life Sci Index AZN.L

144 GSK 2014-04-07 2014-04-16 Governance MSCI World Pharma, Biotech and Life Sci Index AZN.L

145 HAL 2010-06-02 2010-06-02 Environmental MSCI World Pharma, Biotech and Life Sci Index AZN.L

146 HPQ 2006-08-14 2007-05-31 Governance MSCI World Energy Index TS

147 HPQ 2006-09-29 2006-12-08 Governance MSCI World Information Technology Index CAJ

148 HPQ 2010-04-16 2010-08-07 Governance MSCI World Information Technology Index CAJ

149 HSBC 2006-04-28 2006-04-28 Social MSCI World Information Technology Index CAJ

150 HSBC 2009-01-08 2009-01-15 Governance MSCI World Banks Index RY

151 HSBC 2012-01-25 2012-01-27 Governance MSCI World Banks Index RY

152 HSBC 2013-10-17 2013-10-17 Governance MSCI World Banks Index RY

139



153 HSBC 2014-09-26 2014-11-07 Governance MSCI World Banks Index RY

154 HSBC 2014-11-17 2014-11-17 Governance MSCI World Banks Index RY

155 HSBC 2015-05-28 2015-07-24 Governance MSCI World Banks Index RY

156 HSBC 2017-10-20 2017-11-01 Governance MSCI World Banks Index RY

157 HSBC 2008-12-14 2009-04-08 Governance MSCI World Banks Index RY

158 HSBC 2012-07-09 2012-07-11 Governance MSCI World Banks Index RY

159 HSBC 2006-03-08 2006-03-11 Social MSCI World Banks Index RY

160 HYMTF 2013-02-27 2013-12-23 Environmental MSCI World Banks Index RY

161 IAC 2014-07-01 2014-07-02 Social MSCI World Automobiles Index 7267.T

162 INTC 2014-04-24 2014-04-25 Social MSCI World Communication Services Index BIDU

163 JEF 2013-01-28 2013-01-29 Governance MSCI World Information Technology Index TSM

164 JNJ 2011-04-08 2011-04-08 Governance MSCI World Diversified Financials Index STJ.L

165 JNJ 2012-01-19 2012-03-10 Social MSCI World Pharma, Biotech and Life Sci Index RHHBY

166 JPM 2004-06-24 2005-03-16 Governance MSCI World Pharma, Biotech and Life Sci Index RHHBY

167 JPM 2005-08-17 2005-08-17 Governance MSCI World Banks Index RY

168 JPM 2008-03-17 2008-06-16 Governance MSCI World Banks Index RY

169 JPM 2009-01-03 2009-01-30 Governance MSCI World Banks Index RY

170 JPM 2010-11-09 2010-11-10 Governance MSCI World Banks Index RY

171 JPM 2010-12-30 2010-12-31 Governance MSCI World Banks Index RY

172 JPM 2011-06-21 2011-06-22 Governance MSCI World Banks Index RY

173 JPM 2012-12-19 2012-12-19 Governance MSCI World Banks Index RY

174 JPM 2014-08-28 2014-10-03 Governance MSCI World Banks Index RY

175 JPM 2015-05-06 2015-05-06 Governance MSCI World Banks Index RY

176 JPM 2015-04-16 2015-08-20 Governance MSCI World Banks Index RY

177 JPM 2017-11-17 2017-12-21 Governance MSCI World Banks Index RY

178 JPM 2017-01-18 2017-01-18 Social MSCI World Banks Index RY
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179 JPM 2013-07-18 2013-09-04 Governance MSCI World Banks Index RY

180 JPM 2013-04-15 2013-08-10 Governance MSCI World Banks Index RY

181 JPM 2013-11-05 2014-04-01 Governance MSCI World Banks Index RY

182 JPM 2016-10-23 2016-11-17 Governance MSCI World Banks Index RY

183 LYG 2016-09-26 2016-09-26 Governance MSCI World Banks Index RY

184 LYG 2014-07-15 2014-07-28 Governance MSCI World Banks Index ISP.MI

185 LYG 2007-05-18 2007-05-18 Governance MSCI World Banks Index ISP.MI

186 LYG 2008-08-26 2008-09-08 Governance MSCI World Banks Index ISP.MI

187 LYG 2010-05-12 2010-05-12 Governance MSCI World Banks Index ISP.MI

188 LYG 2011-02-03 2011-02-10 Governance MSCI World Banks Index ISP.MI

189 LYG 2013-08-22 2013-12-11 Social MSCI World Banks Index ISP.MI

190 MCD 2015-02-24 2015-02-24 Social MSCI World Banks Index ISP.MI

191 MCD 2016-08-09 2016-10-31 Social MSCI World Consumer Services Index SBUX

192 MS 2004-01-05 2004-01-22 Governance MSCI World Consumer Services Index SBUX

193 MS 2005-03-22 2005-03-23 Governance MSCI World Diversified Financials Index SCHW

194 MS 2007-03-01 2007-05-10 Governance MSCI World Diversified Financials Index SCHW

195 MS 2008-08-26 2008-09-08 Governance MSCI World Diversified Financials Index SCHW

196 MS 2015-02-19 2015-02-24 Governance MSCI World Diversified Financials Index SCHW

197 MS 2004-07-06 2004-07-07 Social MSCI World Diversified Financials Index SCHW

198 MS 2015-02-19 2015-08-26 Social MSCI World Diversified Financials Index SCHW

199 MSFT 2015-09-16 2015-09-17 Social MSCI World Diversified Financials Index SCHW

200 MSFT 2015-09-16 2015-09-17 Social MSCI World Information Technology Index ORCL

201 NEM 2004-09-24 2004-10-19 Environmental MSCI World Information Technology Index ORCL

202 NSANY 2016-06-27 2017-01-02 Environmental MSCI World Metals and Mining Index GOLD

203 NSANY 2017-07-11 2017-07-12 Social MSCI World Automobiles Index 7269.T

204 NSANY 2018-11-19 2018-11-20 Governance MSCI World Automobiles Index 7269.T
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205 NSU.DE 2015-09-20 2015-09-30 Environmental MSCI World Automobiles Index 7269.T

206 NVS 2010-07-14 2010-07-14 Social MSCI World Automobiles Index BY6.F

207 PAH3.DE 2015-11-02 2015-11-02 Environmental MSCI World Pharma, Biotech and Life Sci Index RHHBY

208 PAH3.DE 2010-01-25 2010-04-30 Governance MSCI World Automobiles Index 7270.T

209 PBR 2012-09-06 2012-09-12 Environmental MSCI World Automobiles Index 7270.T

210 PBR 2009-05-15 2009-07-22 Governance MSCI World Energy Index EQNR

211 PBR 2014-03-18 2014-04-11 Governance MSCI World Energy Index EQNR

212 PNB.NS 2018-02-05 2018-02-14 Governance MSCI World Energy Index EQNR

213 PUB.PA 2011-02-24 2011-02-25 Social MSCI World Banks Index INDUSINDBK.NS

214 RBS.L 2004-06-11 2004-09-29 Governance MSCI World Communication Services Index DEC.PA

215 RBS.L 2009-11-11 2009-11-11 Governance MSCI World Banks Index UCG.MI

216 RBS.L 2010-05-11 2010-05-11 Governance MSCI World Banks Index UCG.MI

217 RBS.L 2011-06-23 2012-03-26 Governance MSCI World Banks Index UCG.MI

218 RBS.L 2012-07-17 2013-01-29 Governance MSCI World Banks Index UCG.MI

219 RBS.L 2014-11-07 2014-11-13 Governance MSCI World Banks Index UCG.MI

220 RBS.L 2015-11-17 2015-11-18 Governance MSCI World Banks Index UCG.MI

221 RBS.L 2016-04-29 2016-12-02 Governance MSCI World Banks Index UCG.MI

222 RDS-B 2004-06-25 2004-07-30 Governance MSCI World Banks Index UCG.MI

223 RDSB.L 2009-04-06 2009-12-30 Environmental MSCI World Energy Index PTR

224 RDSB.L 2017-09-21 2018-01-09 Environmental MSCI World Energy Index PTR

225 RIG 2010-05-04 2010-05-18 Environmental MSCI World Energy Index PTR

226 RIO 2004-04-05 2004-05-20 Environmental MSCI World Energy Index DO

227 RNO.PA 2015-09-23 2016-01-14 Environmental MSCI World Metals and Mining Index FMG.AX

228 RR.L 2012-12-06 2012-12-06 Governance MSCI World Automobiles Index 7272.T

229 RR.L 2015-02-15 2015-02-16 Governance MSCI World Aerospace and Defense Index MGGT.L

230 RR.L 2016-05-19 2016-05-19 Governance MSCI World Aerospace and Defense Index MGGT.L
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231 SCGLY 2008-01-24 2008-01-24 Governance MSCI World Aerospace and Defense Index MGGT.L

232 SCGLY 2014-03-30 2014-03-30 Governance MSCI World Banks Index ACA.PA

233 SIE.DE 2006-11-22 2006-11-23 Governance MSCI World Banks Index ACA.PA

234 SIE.DE 2011-12-13 2011-12-14 Governance MSCI World Capital Goods Index GE

235 SIG 2017-03-09 2017-03-09 Social MSCI World Capital Goods Index GE

236 SRE 2016-01-27 2016-02-04 Environmental MSCI World Con. Dur. and App. Index PANDY

237 STAN.L 2012-08-07 2012-08-07 Governance MSCI World Utilities Index EXC

238 STAN.L 2014-07-04 2014-08-06 Governance MSCI World Banks Index NA.TO

239 STAN.L 2016-07-21 2016-12-02 Governance MSCI World Banks Index NA.TO

240 STAN.L 2018-03-28 2018-03-29 Governance MSCI World Banks Index NA.TO

241 SW.PA 2005-04-27 2005-04-27 Social MSCI World Banks Index NA.TO

242 T 2009-08-20 2009-08-21 Social MSCI World Com. and Prof. Services Index MAN.PA

243 TGT 2013-12-20 2013-12-22 Social MSCI World Communication Services Index VZ

244 TGT 2018-04-05 2018-04-06 Social MSCI World Retailing Index DG

245 TM 2010-01-29 2010-01-30 Social MSCI World Retailing Index DG

246 TM 2010-05-11 2010-05-12 Social MSCI World Automobiles Index 7270.T

247 TSCO.L 2014-10-29 2014-10-29 Governance MSCI World Automobiles Index 7270.T

248 TSLA 2018-09-27 2018-09-28 Governance MSCI World Food and Staples Retailing Index MRW.L

249 TSLA 2018-10-05 2018-10-05 Governance MSCI World Automobiles Index HMC

250 UAL 2013-01-15 2013-01-15 Governance MSCI World Transportation Index LUV

251 UAL 2017-04-11 2017-04-13 Social MSCI World Transportation Index LUV

252 UBSG.SW 2004-01-08 2004-01-09 Governance MSCI World Banks Index RY

253 UBSG.SW 2004-02-10 2004-02-11 Governance MSCI World Banks Index RY

254 UBSG.SW 2007-12-19 2008-02-08 Governance MSCI World Banks Index RY

255 UBSG.SW 2008-05-13 2008-07-17 Governance MSCI World Banks Index RY

256 UBSG.SW 2008-11-03 2008-11-04 Governance MSCI World Banks Index RY
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257 UBSG.SW 2009-01-08 2009-01-13 Governance MSCI World Banks Index RY

258 UBSG.SW 2010-03-26 2010-05-20 Governance MSCI World Banks Index RY

259 UBSG.SW 2012-07-06 2012-12-19 Governance MSCI World Banks Index RY

260 UBSG.SW 2016-03-03 2016-03-03 Governance MSCI World Banks Index RY

261 UBSG.SW 2016-07-17 2016-07-21 Governance MSCI World Banks Index RY

262 UBSG.SW 2011-09-16 2012-09-14 Governance MSCI World Banks Index RY

263 UG.PA 2016-01-14 2016-04-21 Environmental MSCI World Automobiles Index 7272.T

264 UPS 2014-12-02 2014-12-03 Social MSCI World Transportation Index DPSGY

265 VALE 2015-11-11 2015-11-13 Environmental MSCI World Metals and Mining Index FMG.AX

266 VOW3.DE 2015-02-25 2015-09-20 Environmental MSCI World Automobiles Index FUJHY

267 VOW3.DE 2007-05-09 2007-11-27 Governance MSCI World Automobiles Index FUJHY

268 VOW3.DE 2005-07-01 2005-07-06 Governance MSCI World Automobiles Index FUJHY

269 WFC 2010-03-15 2010-03-17 Governance MSCI World Banks Index RY

270 WFC 2012-10-09 2012-10-10 Governance MSCI World Banks Index RY

271 WFC 2016-09-08 2016-09-09 Social MSCI World Banks Index RY

272 WMT 2011-03-22 2011-03-29 Social MSCI World Food and Staples Retailing Index DLTR

273 WMT 2012-05-04 2012-05-04 Governance MSCI World Food and Staples Retailing Index DLTR

274 WMT 2004-06-22 2004-06-22 Social MSCI World Food and Staples Retailing Index DLTR

275 WMT 2005-03-19 2005-03-21 Social MSCI World Food and Staples Retailing Index DLTR

276 WMT 2005-12-23 2005-12-23 Social MSCI World Food and Staples Retailing Index DLTR

277 WMT 2008-09-05 2008-09-06 Social MSCI World Food and Staples Retailing Index DLTR

278 WMT 2009-02-20 2009-02-21 Social MSCI World Food and Staples Retailing Index DLTR

279 WMT 2016-12-03 2016-12-05 Social MSCI World Food and Staples Retailing Index DLTR

280 WPP 2016-03-10 2016-03-10 Social MSCI World Communication Services Index YOU.L

281 XOM 2007-10-23 2008-06-25 Environmental MSCI World Energy Index PTR

282 XOM 2010-12-14 2010-12-14 Environmental MSCI World Energy Index PTR
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283 XOM 2013-06-13 2013-06-13 Environmental MSCI World Energy Index PTR

284 XOM 2015-11-06 2015-11-07 Environmental MSCI World Energy Index PTR

285 YPF 2013-02-28 2013-06-13 Environmental MSCI World Energy Index SSL

286 AAL 2013-01-15 2013-01-15 Governance MSCI World Transportation Index LUV

287 AAPL 2007-02-16 2007-04-23 Governance MSCI World Information Technology Index SNE

288 AAPL 2010-08-14 2010-08-15 Governance MSCI World Information Technology Index SNE

289 AAPL 2013-05-22 2013-11-13 Governance MSCI World Information Technology Index SNE

290 AAPL 2014-04-24 2014-04-25 Social MSCI World Information Technology Index SNE
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E Description of Fama/French Factors for Developed Markets
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Description of Fama/French 5 Factors for Developed Markets

Daily Returns:  July 1, 1990– February 29, 2020
   
Monthly Returns:  July 1990–February 2020
   
Annual Returns:  1991–2019
   
Construction:  All returns are in U.S. dollars, include dividends and capital gains,

and are not continuously compounded. Market is the return on a
region's value-weight market portfolio minus the U.S. one month
T-bill rate. 

The Fama/French 5 factors (2x3) are constructed using the 6
value-weight portfolios formed on size and book-to-market, the 6
value-weight portfolios formed on size and operating profitability,
and the 6 value-weight portfolios formed on size and investment. 

To construct the SMB, HML, RMW, and CMA factors, we sort
stocks in a region into two market cap and three respective book-
to-market equity (B/M), operating profitability (OP), and
investment (INV) groups at the end of each June. Big stocks are
those in the top 90% of June market cap for the region, and small
stocks are those in the bottom 10%. The B/M, OP, and INV
breakpoints for a region are the 30th and 70th percentiles of
respective ratios for the big stocks of the region. 

SMB (Small Minus Big) is the average return on the nine small
stock portfolios minus the average return on the nine big stock
portfolios ,

 

SMB(B/M)
=

SMB(OP)
=

SMB(INV)
=

SMB =

1/3 (Small Value + Small Neutral + Small Growth) 
  - 1/3 (Big Value + Big Neutral + Big Growth). 

1/3 (Small Robust + Small Neutral + Small Weak)
  - 1/3 (Big Robust + Big Neutral + Big Weak).

1/3 (Small Conservative + Small Neutral + Small
Aggressive)
  - 1/3 (Big Conservative + Big Neutral + Big
Aggressive). 

1/3 ( SMB(B/M) + SMB(OP) + SMB(INV) ).

 

   
  HML (High Minus Low) is the average return on the two value

portfolios minus the average return on the two growth portfolios,
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   HML =1/2 (Small Value + Big Value)
 - 1/2 (Small Growth + Big Growth).

 

   

  
RMW (Robust Minus Weak) is the average return on the two
robust operating profitability portfolios minus the average return
on the two weak operating profitability portfolios,

   
   RMW =1/2 (Small Robust + Big Robust)

  - 1/2 (Small Weak + Big Weak). 
   

  
CMA (Conservative Minus Aggressive) is the average return on
the two conservative investment portfolios minus the average
return on the two aggressive investment portfolios,

   

  
 CMA =1/2 (Small Conservative + Big Conservative)

  - 1/2 (Small Aggressive + Big Aggressive).  

   
Stocks:  Rm–Rf for July of year t to June of t+1 include all stocks for

which we have market equity data for June of t. SMB, HML,
RMW, and CMA for July of year t to June of t+1 include all stocks
for which we have market equity data for December of t-1 and
June of t, (positive) book equity data for t-1 (for SMB, HML, and
RMW), non-missing revenues and at least one of the following:
cost of goods sold, selling, general and administrative expenses, or
interest expense for t-1 (for SMB and RMW), and total assets data
for t-2 and t-1 (for SMB and CMA).

 

Country Developed
Developed

ex US Europe Japan
Asia Pacific

ex Japan
North

America

 Australia    
 Austria    
 Belgium    
 Canada    
 Switzerland    
 Germany    
 Denmark    
 Spain    
 Finland    
 France    
 Great Britain    
 Greece    
 Hong Kong    
 Ireland    
 Italy    
 Japan    
 Netherlands    
 Norway    
 New Zealand    
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 Portugal    
 Sweden    
 Singapore    
 United States     
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F Buy-and-hold abnormal return: subset statistical tests

Table 23: P-value of BHAR subsets

T=12

Envirionmental Social Governance

Envirionmental 1 0.767 0.369

Social 0.767 1 0.394

Governance 0.369 0.394 1

2004-2009 2009-2014 2014-2019

2004-2009 1 0.903 0.973

2009-2014 0.903 1 0.832

2014-2019 0.973 0.832 1

T=24

Envirionmental Social Governance

Envirionmental 1 0.687 0.365

Social 0.687 1 0.506

Governance 0.365 0.506 1

2004-2009 2009-2014 2014-2019

2004-2009 1 0.974 0.930

2009-2014 0.974 1 0.875

2014-2019 0.930 0.875 1

T=36

Envirionmental Social Governance

Envirionmental 1 0.687 0.345

Social 0.687 1 0.487

Governance 0.345 0.487 1

2004-2009 2009-2014 2014-2019

2004-2009 1 0.937 0.971

2009-2014 0.937 1 0.888

2014-2019 0.971 0.888 1
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G Calendar Time Portfolio Approach: Factor models

Table 24: Complete sample T=12

Sample

CAPM Fama 3 factor Fama 5 factor

Constant .0010 .0007 .0047∗∗

(.0023) (.0021) (.0022)

Mkt RF 1.0987∗∗∗ 1.0629∗∗∗ .9978∗∗∗

(.0533) (.0488) (.0597)

SMB −.1883 −.2646∗

(.1411) (.1402)

HML .8327∗∗∗ .5632∗∗∗

(.1287) (.1544)

RMW −1.0091∗∗∗

(.2279)

CMA .0208

(.2042)

Observations 180 180 180

R2 .7046 .7658 .7907

Adjusted R2 .7030 .7618 .7847

Residual Std. Error .0160 (df = 178) .0144 (df = 176) .0137 (df = 174)

F Statistic 424.6386∗∗∗ (df = 1; 178) 191.7790∗∗∗ (df = 3; 176) 131.4462∗∗∗ (df = 5; 174)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 25: Complete sample T=24

Sample

CAPM Fama 3 factor Fama 5 factor

Constant .0001 −.0001 .0029∗

(.0018) (.0016) (.0018)

Mkt RF 1.0830∗∗∗ 1.0495∗∗∗ .9744∗∗∗

(.0423) (.0387) (.0472)

SMB −.1472 −.2242∗∗

(.1111) (.1113)

HML .6690∗∗∗ .5651∗∗∗

(.1012) (.1209)

RMW −.7084∗∗∗

(.1797)

CMA −.1742

(.1603)

Observations 180 180 180

R2 .7862 .8319 .8458

Adjusted R2 .7850 .8291 .8414

Residual Std. Error .0112 (df = 178) .0100 (df = 176) .0097 (df = 174)

F Statistic 654.6254∗∗∗ (df = 1; 178) 290.4124∗∗∗ (df = 3; 176) 190.8606∗∗∗ (df = 5; 174)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 26: Complete sample T=36

Sample

CAPM Fama 3 factor Fama 5 factor

Constant −.0003 −.0005 .0020

(.0016) (.0014) (.0015)

Mkt RF 1.0875∗∗∗ 1.0593∗∗∗ .9994∗∗∗

(.0366) (.0336) (.0412)

SMB −.1475 −.2075∗∗

(.0957) (.0964)

HML .5731∗∗∗ .4918∗∗∗

(.0883) (.1048)

RMW −.5656∗∗∗

(.1544)

CMA −.1273

(.1396)

Observations 180 180 180

R2 .8319 .8673 .8768

Adjusted R2 .8309 .8650 .8733

Residual Std. Error .0092 (df = 178) .0082 (df = 176) .0080 (df = 174)

F Statistic 880.7953∗∗∗ (df = 1; 178) 383.3737∗∗∗ (df = 3; 176) 247.7365∗∗∗ (df = 5; 174)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 27: CAPM T = 12

Subsets

Environmental Social Governance 2004-2009 2009-2014 2014-2019

Constant .0038 .0031 −.0004 .0005 −.0008 −.0013

(.0044) (.0030) (.0031) (.0043) (.0045) (.0028)

Mkt RF .5930∗∗∗ .5662∗∗∗ 1.2368∗∗∗ .9106∗∗∗ 1.2883∗∗∗ 1.1321∗∗∗

(.0929) (.0671) (.0733) (.0968) (.0898) (.0883)

Observations 180 180 180 60 60 60

R2 .1863 .2860 .6151 .6038 .7801 .7394

Adjusted R2 .1817 .2820 .6130 .5970 .7763 .7349

Residual Std. Error .0461 (df = 178) .0300 (df = 178) .0240 (df = 178) .0190 (df = 58) .0167 (df = 58) .0103 (df = 58)

F Statistic 40.7513∗∗∗ (df = 1; 178) 71.2986∗∗∗ (df = 1; 178) 284.5030∗∗∗ (df = 1; 178) 88.4081∗∗∗ (df = 1; 58) 205.7998∗∗∗ (df = 1; 58) 164.5281∗∗∗ (df = 1; 58)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 28: CAPM T = 24

Subsets

Environmental Social Governance 2004-2009 2009-2014 2014-2019

Constant .0019 .0040∗ −.0016 −.0005 −.0020 −.0004

(.0034) (.0021) (.0024) (.0032) (.0038) (.0023)

Mkt RF .6616∗∗∗ .6330∗∗∗ 1.1909∗∗∗ .9639∗∗∗ 1.2251∗∗∗ 1.0525∗∗∗

(.0722) (.0422) (.0559) (.0734) (.0760) (.0733)

Observations 180 180 180 60 60 60

R2 .3207 .5581 .7186 .7485 .8175 .7803

Adjusted R2 .3169 .5556 .7170 .7442 .8144 .7765

Residual Std. Error .0330 (df = 178) .0184 (df = 178) .0162 (df = 178) .0127 (df = 58) .0124 (df = 58) .0074 (df = 58)

F Statistic 84.0523∗∗∗ (df = 1; 178) 224.7997∗∗∗ (df = 1; 178) 454.5384∗∗∗ (df = 1; 178) 172.6096∗∗∗ (df = 1; 58) 259.8167∗∗∗ (df = 1; 58) 206.0387∗∗∗ (df = 1; 58)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 29: CAPM T = 36

Subsets

Environmental Social Governance 2004-2009 2009-2014 2014-2019

Constant .0032 .0012 −.0020 −.0018 −.0016 −.0001

(.0031) (.0018) (.0022) (.0028) (.0033) (.0019)

Mkt RF .8228∗∗∗ .8350∗∗∗ 1.1889∗∗∗ .9611∗∗∗ 1.2145∗∗∗ 1.0869∗∗∗

(.0675) (.0392) (.0518) (.0633) (.0658) (.0606)

Observations 180 180 180 60 60 60

R2 .4549 .7186 .7475 .7991 .8547 .8472

Adjusted R2 .4519 .7170 .7461 .7956 .8522 .8446

Residual Std. Error .0275 (df = 178) .0142 (df = 178) .0143 (df = 178) .0103 (df = 58) .0103 (df = 58) .0057 (df = 58)

F Statistic 148.5713∗∗∗ (df = 1; 178) 454.5744∗∗∗ (df = 1; 178) 527.0575∗∗∗ (df = 1; 178) 230.6739∗∗∗ (df = 1; 58) 341.1254∗∗∗ (df = 1; 58) 321.6905∗∗∗ (df = 1; 58)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 30: Fama 3 factor model T=12

Subsets

Environmental Social Governance 2004-2009 2009-2014 2014-2019

Constant .0040 .0032 −.0010 −.0016 −.00004 .0006

(.0043) (.0030) (.0028) (.0039) (.0040) (.0025)

Mkt RF .5694∗∗∗ .5718∗∗∗ 1.1943∗∗∗ .9457∗∗∗ 1.1557∗∗∗ 1.1495∗∗∗

(.0956) (.0691) (.0686) (.0893) (.0863) (.0772)

SMB −.2669 −.3518∗ −.1446 −.5760∗∗ .1578 .3624∗∗

(.3058) (.2011) (.1942) (.2466) (.2702) (.1800)

HML .5104∗ .0395 1.0202∗∗∗ .8969∗∗∗ 1.0018∗∗∗ .5563∗∗∗

(.2713) (.1759) (.1752) (.2787) (.2428) (.1331)

Observations 180 180 180 60 60 60

R2 .2085 .2991 .6803 .7049 .8319 .8091

Adjusted R2 .1950 .2871 .6749 .6891 .8229 .7989

Residual Std. Error .0457 (df = 176) .0299 (df = 176) .0220 (df = 176) .0167 (df = 56) .0148 (df = 56) .0089 (df = 56)

F Statistic 15.4576∗∗∗ (df = 3; 176) 25.0316∗∗∗ (df = 3; 176) 124.8648∗∗∗ (df = 3; 176) 44.5975∗∗∗ (df = 3; 56) 92.3813∗∗∗ (df = 3; 56) 79.1239∗∗∗ (df = 3; 56)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 31: Fama 3 factor model T= 24

Subsets

Environmental Social Governance 2004-2009 2009-2014 2014-2019

Constant .0019 .0040∗ −.0019 −.0014 −.0012 .0012

(.0034) (.0021) (.0021) (.0031) (.0033) (.0020)

Mkt RF .6620∗∗∗ .6400∗∗∗ 1.1508∗∗∗ .9833∗∗∗ 1.0990∗∗∗ 1.0737∗∗∗

(.0751) (.0432) (.0510) (.0719) (.0713) (.0610)

SMB −.1492 −.3328∗∗ −.1147 −.3787∗ .1093 .1303

(.2304) (.1431) (.1438) (.1942) (.2228) (.1422)

HML .0518 .1105 .8697∗∗∗ .5099∗∗ .9140∗∗∗ .5556∗∗∗

(.2047) (.1231) (.1298) (.2191) (.1981) (.1042)

Observations 180 180 180 60 60 60

R2 .3228 .5749 .7780 .7902 .8679 .8548

Adjusted R2 .3113 .5677 .7742 .7789 .8608 .8470

Residual Std. Error .0331 (df = 176) .0182 (df = 176) .0144 (df = 176) .0118 (df = 56) .0108 (df = 56) .0061 (df = 56)

F Statistic 27.9658∗∗∗ (df = 3; 176) 79.3476∗∗∗ (df = 3; 176) 205.6325∗∗∗ (df = 3; 176) 70.2997∗∗∗ (df = 3; 56) 122.6483∗∗∗ (df = 3; 56) 109.9006∗∗∗ (df = 3; 56)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 32: Fama 3 factor model T = 36

Subsets

Environmental Social Governance 2004-2009 2009-2014 2014-2019

Constant .0031 .0013 −.0024 −.0029 −.0007 .0012

(.0031) (.0018) (.0020) (.0027) (.0030) (.0015)

Mkt RF .8145∗∗∗ .8407∗∗∗ 1.1553∗∗∗ .9683∗∗∗ 1.1132∗∗∗ 1.1066∗∗∗

(.0694) (.0403) (.0477) (.0629) (.0633) (.0481)

SMB −.1566 −.2426∗∗ −.1503 −.2417 .0326 .0013

(.2077) (.1211) (.1349) (.1668) (.1996) (.1110)

HML .2062 .0458 .7812∗∗∗ .4843∗∗ .7401∗∗∗ .4995∗∗∗

(.1901) (.1073) (.1224) (.1904) (.1777) (.0825)

Observations 180 180 180 60 60 60

R2 .4610 .7256 .7979 .8298 .8891 .9078

Adjusted R2 .4518 .7209 .7944 .8207 .8831 .9029

Residual Std. Error .0275 (df = 176) .0141 (df = 176) .0129 (df = 176) .0097 (df = 56) .0091 (df = 56) .0045 (df = 56)

F Statistic 50.1722∗∗∗ (df = 3; 176) 155.1020∗∗∗ (df = 3; 176) 231.5894∗∗∗ (df = 3; 176) 90.9989∗∗∗ (df = 3; 56) 149.5929∗∗∗ (df = 3; 56) 183.7784∗∗∗ (df = 3; 56)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 33: Fama 5 factor model T=12

Subsets

Environmental Social Governance 2004-2009 2009-2014 2014-2019

Constant .0041 .0033 −.0010 −.0015 −.0001 .0005

(.0043) (.0030) (.0028) (.0039) (.0041) (.0025)

Mkt RF .5682∗∗∗ .5710∗∗∗ 1.1938∗∗∗ .9373∗∗∗ 1.1563∗∗∗ 1.1534∗∗∗

(.0953) (.0690) (.0684) (.0893) (.0864) (.0775)

SMB −.2761 −.3657∗ −.1538 −.5386∗∗ .1296 .3430∗

(.3101) (.2038) (.1962) (.2491) (.2740) (.1841)

HML .5388∗∗ .0760 1.0346∗∗∗ .9678∗∗∗ .9865∗∗∗ .5284∗∗∗

(.2681) (.1742) (.1740) (.2767) (.2442) (.1336)

Observations 180 180 180 60 60 60

R2 .2087 .2997 .6805 .7012 .8316 .8072

Adjusted R2 .1952 .2878 .6750 .6851 .8225 .7969

Residual Std. Error .0457 (df = 176) .0298 (df = 176) .0220 (df = 176) .0168 (df = 56) .0149 (df = 56) .0090 (df = 56)

F Statistic 15.4704∗∗∗ (df = 3; 176) 25.1063∗∗∗ (df = 3; 176) 124.9268∗∗∗ (df = 3; 176) 43.7952∗∗∗ (df = 3; 56) 92.1502∗∗∗ (df = 3; 56) 78.1745∗∗∗ (df = 3; 56)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 34: Fama 5 factor model T=24

Subsets

Environmental Social Governance 2004-2009 2009-2014 2014-2019

Constant .0020 .0042∗∗ −.0019 −.0014 −.0012 .0011

(.0034) (.0021) (.0021) (.0031) (.0034) (.0020)

Mkt RF .6619∗∗∗ .6385∗∗∗ 1.1510∗∗∗ .9783∗∗∗ 1.0994∗∗∗ 1.0753∗∗∗

(.0750) (.0430) (.0508) (.0717) (.0714) (.0610)

SMB −.1661 −.3436∗∗ −.1326 −.3593∗ .0833 .1160

(.2333) (.1450) (.1452) (.1952) (.2260) (.1449)

HML .0682 .1476 .8814∗∗∗ .5569∗∗ .9035∗∗∗ .5458∗∗∗

(.2028) (.1218) (.1290) (.2171) (.1986) (.1042)

Observations 180 180 180 60 60 60

R2 .3231 .5754 .7783 .7887 .8677 .8543

Adjusted R2 .3116 .5682 .7745 .7774 .8606 .8465

Residual Std. Error .0331 (df = 176) .0182 (df = 176) .0144 (df = 176) .0119 (df = 56) .0108 (df = 56) .0061 (df = 56)

F Statistic 28.0088∗∗∗ (df = 3; 176) 79.5023∗∗∗ (df = 3; 176) 205.9301∗∗∗ (df = 3; 176) 69.6825∗∗∗ (df = 3; 56) 122.3848∗∗∗ (df = 3; 56) 109.4529∗∗∗ (df = 3; 56)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 35: Fama 5 factor model T=36

Subsets

Environmental Social Governance 2004-2009 2009-2014 2014-2019

Constant .0032 .0014 −.0023 −.0028 −.0006 .0012

(.0031) (.0018) (.0020) (.0027) (.0030) (.0015)

Mkt RF .8144∗∗∗ .8396∗∗∗ 1.1551∗∗∗ .9649∗∗∗ 1.1132∗∗∗ 1.1068∗∗∗

(.0693) (.0402) (.0475) (.0626) (.0634) (.0481)

SMB −.1758 −.2492∗∗ −.1652 −.2289 .0098 −.0085

(.2103) (.1224) (.1361) (.1672) (.2024) (.1130)

HML .2232 .0721 .7965∗∗∗ .5145∗∗∗ .7379∗∗∗ .4998∗∗∗

(.1887) (.1065) (.1217) (.1885) (.1780) (.0825)

Observations 180 180 180 60 60 60

R2 .4614 .7258 .7981 .8291 .8890 .9078

Adjusted R2 .4522 .7211 .7947 .8200 .8831 .9029

Residual Std. Error .0275 (df = 176) .0141 (df = 176) .0129 (df = 176) .0097 (df = 56) .0091 (df = 56) .0045 (df = 56)

F Statistic 50.2527∗∗∗ (df = 3; 176) 155.2548∗∗∗ (df = 3; 176) 231.9667∗∗∗ (df = 3; 176) 90.5732∗∗∗ (df = 3; 56) 149.5197∗∗∗ (df = 3; 56) 183.7984∗∗∗ (df = 3; 56)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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H Buy-and-Hold Abnormal Return: sector

Table 36: Buy and Hold Abnormal Returns - Sector

T=12

Full Sample Environmental Social Governance 2004-2009 2009-2014 2014-2019

BHAAR .0257 .0996 .0488 .0016 .0340 .0194 .0265

N 290 40 65 185 67 103 120

SD .2409 .3040 .1732 .2433 .2377 .2558 .2312

SE .0141 .0481 .0215 .0179 .0290 .0252 .0211

t-value 1.8177 2.0721 2.2693 .0921 1.1711 .7681 1.2574

p-value .0702 .0449 .0266 .9267 .2458 .4442 .2111

Significance ∗ ∗∗ ∗∗ − − − −
T = 24

BHAAR .1514 .1467 .0981 .0359 .1056 .0515 .0514

N 274 38 59 177 67 103 104

SD .3451 .4452 .2921 .3371 .3274 .3620 .3436

SE .0209 .0722 .0380 .0253 .0400 .0357 .0337

t-value 7.2613 2.0311 2.5797 1.4183 2.6386 1.4426 1.5272

p-value 0 .0495 .0124 .1579 .0104 .1522 .1298

Significance ∗ ∗ ∗ ∗∗ ∗∗ − ∗∗ − −
T = 36

BHAAR .2419 .1817 .2149 .0493 .1166 .0703 .1270

N 253 34 52 167 67 103 83

SD .9370 .6357 .4974 .4230 .4749 .4458 .5141

SE .0589 .1090 .0690 .0327 .0580 .0439 .0564

t-value 4.1070 1.6663 3.1161 1.5075 2.0099 1.5998 2.2509

p-value .0001 .1051 .0030 .1336 .0485 .1127 .0271

Significance ∗ ∗ ∗ − ∗ ∗ ∗ − ∗∗ − ∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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I Buy-and-Hold Abnormal Return: market

Table 37: Buy and Hold Abnormal Returns - Market

T=12

Full Sample Environmental Social Governance 2004-2009 2009-2014 2014-2019

BHAAR .0112 .1206 .0367 -.0214 .0203 .0081 .0087

N 290 40 65 185 67 103 120

SD .2573 .3307 .1681 .2590 .2351 .2791 .2517

SE .0151 .0523 .0208 .0190 .0287 .0275 .0230

t-value .7405 2.3055 1.7586 -1.1240 .7074 .2951 .3801

p-value .4596 .0265 .0834 .2625 .4818 .7685 .7046

Significance − ∗∗ ∗ − − − −
T = 24

BHAAR .1172 .1237 .0874 -.0088 .0760 .0251 .0060

N 274 38 59 177 67 103 104

SD .3820 .4816 .3293 .3728 .3641 .4126 .3661

SE .0231 .0781 .0429 .0280 .0445 .0407 .0359

t-value 5.0762 1.5839 2.0380 -.3132 1.7091 .6179 .1669

p-value .000001 .1217 .0461 .7545 .0921 .5381 .8678

Significance ∗ ∗ ∗ − ∗∗ − ∗ − −
T = 36

BHAAR .1868 .1322 .2071 -.0220 .0770 .0041 .0724

N 253 34 52 167 67 103 83

SD 1.1251 .6854 .5187 .4529 .5576 .4527 .5402

SE .0707 .1176 .0719 .0350 .0681 .0446 .0593

t-value 2.6405 1.1244 2.8791 -.6290 1.1299 .0910 1.2205

p-value .0088 .2690 .0058 .5302 .2626 .9277 .2258

Significance ∗ ∗ ∗ − ∗ ∗ ∗ − − − −

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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J Calendar Time Portfolio Approach: portfolio weight

Table 38: Complete sample

T=12

CAPM FF3 factor FF5 factor

Alpha .00002 −.0003 .0040∗

t-value .0078 −.1404 1.7009

p-value .9939 .8885 .0908

T=24

Alpha −.0008 −.0011 .0032

t-value −.3921 −.5794 1.5797

p-value .6955 .5631 .1160

T=36

Alpha −.0018 −.0021 .0019

t-value −.9087 −1.2176 1.0153

p-value .3648 .2251 .3114

Observations 180 180 180

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 39: CAPM: company weight in portfolio by number of instances

T=12

Environmental Social Governance 2004-2009 2009-2014 2014-2019

Alpha .0039 .0034 −.0001 −.0005 −.0037 −.0021

t-value .8837 1.1489 −.0345 −.1200 −.7444 −.6911

p-value .3781 .2522 .9726 .9049 .4597 .4923

T=24

Alpha .0019 .0041∗ −.0023 −.0015 −.0050 −.0015

t-value .5525 1.9379 −.8612 −.4467 −1.0532 −.5158

p-value .5813 .0543 .3903 .6568 .2967 .6080

T=36

Alpha .0032 .0007 −.0035 −.0030 −.0052 −.0024

t-value 1.0532 .3598 −1.3101 −1.0109 −1.1790 −.8483

p-value .2937 .7194 .1919 .3163 .2432 .3998

Observations 180 180 180 60 60 60

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

161



Table 40: Fama and French 3 factor model: company weight in portfolio by number of

instances

T=12

Environmental Social Governance 2004-2009 2009-2014 2014-2019

Alpha .0041 .0035 −.0007 −.0023 −.0030 −.0004

t-value .9401 1.1833 −.2516 −.5821 −.6852 −.1313

p-value .3485 .2384 .8017 .5629 .4961 .8961

T=24

Alpha .0019 .0041∗∗ −.0027 −.0023 −.0039 .0001

t-value .5636 1.9787 −1.1197 −.7092 −.9569 .0260

p-value .5738 .0495 .2644 .4812 .3428 .9794

T=36

Alpha .0032 .0008 −.0040∗ −.0042 −.0040 −.0009

t-value 1.0407 .4260 −1.6804 −1.4965 −1.0408 −.3621

p-value .2995 .6707 .0947 .1402 .3025 .7187

Observations 180 180 180 60 60 60

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 41: Fama and French 5 factor model: company weight in portfolio by number of

instances

T=12

Environmental Social Governance 2004-2009 2009-2014 2014-2019

Alpha .0042 .0036 −.0007 −.0022 −.0031 −.0005

t-value .9640 1.2274 −.2283 −.5462 −.6945 −.1698

p-value .3364 .2214 .8197 .5871 .4903 .8658

T=24

Alpha .0020 .0043∗∗ −.0026 −.0022 −.0039 .00002

t-value .5849 2.0505 −1.0856 −.6835 −.9471 .0080

p-value .5594 .0419 .2792 .4972 .3477 .9937

T=36

Alpha .0033 .0009 −.0039 −.0041 −.0039 −.0009

t-value 1.0670 .4876 −1.6321 −1.4683 −1.0215 −.3660

p-value .2875 .6265 .1045 .1477 .3115 .7158

Observations 180 180 180 60 60 60

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 42: MMCTAR Significance

T=12

Full Sample Environmental Social Governance 2004-2009 2009-2014 2014-2019

MMCTAR -.0050 -.0108 -.0024 -.0006 -.0052 -.0049 -.0047

SE .0024 .0053 .0025 .0020 .0044 .0046 .0028

t-value -2.1094 -2.0146 -.9675 -.2997 -1.1695 -1.0726 -1.6805

p-value .0363 .0454 .3346 .7648 .2469 .2878 .0981

Significance ∗∗ ∗∗ − ∗ − − ∗

T=24

MMCTAR -.0058 -.0078 -.0034 -.0028 -.0075 -.0036 -.0055

SE .0020 .0032 .0012 .0014 .0038 .0038 .0023

t-value -2.9003 -2.4290 -2.7522 -1.9830 -1.9754 -.9519 -2.4160

p-value .0042 .0161 .0065 .0489 .0529 .3450 .0188

Significance ∗ ∗ ∗ ∗∗ ∗ ∗ ∗ ∗∗ ∗ − ∗∗

T=36

MMCTAR -.0074 -.0009 -.0011 -.0031 -.0100 -.0048 -.0060

SE .0019 .0007 .0004 .0012 .0036 .0038 .0023

t-value -3.8191 -1.2222 -2.6134 -2.5287 -2.8102 -1.2821 -2.6161

p-value .0002 .2232 .0097 .0123 .0067 .2048 .0113

Significance ∗ ∗ ∗ − ∗ ∗ ∗ ∗∗ ∗ ∗ ∗ − ∗∗

Note: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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K Calendar Time Portfolio Approach: Market alpha

Table 43: Market regression

T=12

Full Sample Environmental Social Governance 2004-2009 2009-2014 2014-2019

Alpha .0033 .0055 .0049 .0018 .0033 .0023 .0004

t-value 1.4668 1.2742 1.6512 .6103 .8084 .5075 .1380

p-value .1443 .2043 .1005 .5425 .4222 .6138 .8908

T=24

Alpha .0024 .0037 .0058∗∗∗ .0009 .0024 .0009 .0012

t-value 1.3388 1.1076 2.8096 .3744 .7773 .2338 .5173

p-value .1824 .2696 .0056 .7086 .4402 .8160 .6070

T=36

Alpha .0020 .0052∗ .0032∗ .0004 .0011 .0013 .0016

t-value 1.3232 1.7064 1.8419 .1888 .4043 .3888 .7919

p-value .1875 .0897 .0672 .8505 .6875 .6989 .4317

Observations 180 180 180 180 60 60 60

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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L Calendar Time Portfolio Approach: Market all

Table 44: Market regression T = 12

T=12

Full Sample

Alpha .0033

(.0023)

Market 1.1280∗∗∗

(.0532)

Observations 180

R2 .7166

Adjusted R2 .7150

Residual Std. Error .0157 (df = 178)

F Statistic 450.0495∗∗∗ (df = 1; 178)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 45: Market regression T=24

T=24

Full Sample

Constant .0024

(.0018)

Market 1.1107∗∗∗

(.0421)

Observations 180

R2 .7963

Adjusted R2 .7951

Residual Std. Error .0110 (df = 178)

F Statistic 695.7302∗∗∗ (df = 1; 178)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 46: Market regression T=36

T=36

Full Sample

Constant .0020

(.0015)

Market 1.1139∗∗∗

(.0363)

Observations 180

R2 .8407

Adjusted R2 .8398

Residual Std. Error .0090 (df = 178)

F Statistic 939.3500∗∗∗ (df = 1; 178)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 47: Market regression T = 12

T=12

Environmental Social Governance 2004-2009 2009-2014 2014-2019

Constant .0055 .0049 .0018 .0033 .0023 .0004

(.0043) (.0029) (.0030) (.0041) (.0044) (.0029)

Market .6187∗∗∗ .5869∗∗∗ 1.2718∗∗∗ .9668∗∗∗ 1.3111∗∗∗ 1.1098∗∗∗

(.0941) (.0676) (.0738) (.0936) (.0914) (.0920)

Observations 180 180 180 60 60 60

R2 .1954 .2974 .6250 .6478 .7802 .7149

Adjusted R2 .1909 .2934 .6229 .6418 .7764 .7100

Residual Std. Error .0458 (df = 178) .0297 (df = 178) .0238 (df = 178) .0181 (df = 58) .0167 (df = 58) .0107 (df = 58)

F Statistic 43.2234∗∗∗ (df = 1; 178) 75.3397∗∗∗ (df = 1; 178) 296.6696∗∗∗ (df = 1; 178) 106.7018∗∗∗ (df = 1; 58) 205.8598∗∗∗ (df = 1; 58) 145.4166∗∗∗ (df = 1; 58)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 48: Market regression T = 24

T=12

Environmental Social Governance 2004-2009 2009-2014 2014-2019

Constant .0037 .0058∗∗∗ .0009 .0024 .0009 .0012

(.0034) (.0021) (.0023) (.0031) (.0038) (.0024)

Market .6797∗∗∗ .6533∗∗∗ 1.2194∗∗∗ 1.0125∗∗∗ 1.2469∗∗∗ 1.0435∗∗∗

(.0732) (.0424) (.0563) (.0700) (.0775) (.0754)

Observations 180 180 180 60 60 60

R2 .3266 .5710 .7247 .7830 .8168 .7678

Adjusted R2 .3228 .5686 .7231 .7792 .8137 .7638

Residual Std. Error .0329 (df = 178) .0181 (df = 178) .0160 (df = 178) .0119 (df = 58) .0125 (df = 58) .0076 (df = 58)

F Statistic 86.3347∗∗∗ (df = 1; 178) 236.9244∗∗∗ (df = 1; 178) 468.5235∗∗∗ (df = 1; 178) 209.2377∗∗∗ (df = 1; 58) 258.6802∗∗∗ (df = 1; 58) 191.7653∗∗∗ (df = 1; 58)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 49: Market regression T = 36

T=36

Environmental Social Governance 2004-2009 2009-2014 2014-2019

Constant .0052∗ .0032∗ .0004 .0011 .0013 .0016

(.0031) (.0018) (.0022) (.0026) (.0033) (.0020)

Market .8434∗∗∗ .8526∗∗∗ 1.2172∗∗∗ 1.0050∗∗∗ 1.2378∗∗∗ 1.0785∗∗∗

(.0684) (.0396) (.0521) (.0604) (.0667) (.0629)

Observations 180 180 180 60 60 60

R2 .4605 .7230 .7543 .8270 .8558 .8353

Adjusted R2 .4574 .7214 .7529 .8240 .8533 .8325

Residual Std. Error .0273 (df = 178) .0140 (df = 178) .0141 (df = 178) .0097 (df = 58) .0102 (df = 58) .0059 (df = 58)

F Statistic 151.9074∗∗∗ (df = 1; 178) 464.5779∗∗∗ (df = 1; 178) 546.4550∗∗∗ (df = 1; 178) 277.2255∗∗∗ (df = 1; 58) 344.1340∗∗∗ (df = 1; 58) 294.1445∗∗∗ (df = 1; 58)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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M Calendar Time Portfolio Approach: sector

Table 50: MMCTAR Sector Significance

T=12

Full Sample Environmental Social Governance 2004-2009 2009-2014 2014-2019

MMCTAR .0044 .0007 .0008 .0044 .0056 .0043 .0029

SE .0017 .0037 .0017 .0017 .0033 .0033 .0018

t-value 2.5700 .1985 .5043 2.6583 1.6735 1.2794 1.5941

p-value .0110 .8429 .6147 .0086 .0995 .2057 .1163

Significance ∗∗ − − ∗ ∗ ∗ ∗ − −

T=24

MMCTAR .0037 -.0030 .0005 .0016 .0046 .0034 .0026

SE .0014 .0017 .0005 .0009 .0027 .0028 .0014

t-value 2.6508 -1.8165 .8962 1.8007 1.7229 1.2420 1.9155

p-value .0087 .0710 .3714 .0734 .0901 .2192 .0603

Significance ∗ ∗ ∗ ∗ − ∗ ∗ − ∗

T=36

MMCTAR .0030 -.0008 .0004 .0012 .0028 .0030 .0032

SE .0012 .0010 .0004 .0007 .0023 .0024 .0011

t-value 2.5086 -.7443 .9801 1.8464 1.2406 1.2611 2.8306

p-value .0130 .4577 .3284 .0665 .2197 .2122 .0063

Significance ∗∗ − − ∗ − − ∗ ∗ ∗

Note: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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N Calendar Time Portfolio Approach: market

Table 51: MMCTAR Market Significance

T=12

Full Sample Environmental Social Governance 2004-2009 2009-2014 2014-2019

MMCTAR .0034 .0015 .0002 .0036 .0027 .0057 .0018

SE .0022 .0037 .0025 .0020 .0038 .0046 .0029

t-value 1.5485 .4031 .0817 1.7506 .7258 1.2414 .6192

p-value .1233 .6873 .9350 .0817 .4708 .2194 .5382

Significance − − − ∗ − − −

T=24

MMCTAR .0027 -.0025 .0026 .0007 .0023 .0045 .0010

SE .0018 .0020 .0013 .0013 .0029 .0039 .0024

t-value 1.4857 -1.2276 2.0560 .5734 .8083 1.1591 .4247

p-value .1391 .2212 .0412 .5671 .4221 .2511 .6726

Significance − − ∗∗ − − − −

T=36

MMCTAR .0025 .0001 .0006 .0006 .0015 .0047 .0014

SE .0016 .0013 .0004 .0010 .0025 .0033 .0021

t-value 1.6118 .0842 1.3576 .5775 .6108 1.4182 .6548

p-value .1088 .9330 .1763 .5643 .5436 .1614 .5152

Significance ∗ − ∗∗ − − − −

Note: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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