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Abstract
This thesis explores the relationship between corporate Environmental, So-
cial, and Governance (ESG) performance and Corporate Financial Performance
(CFP) in the US market. Using panel data of S&P 500 companies from 2013
to 2023, it investigates whether ESG signals are priced in by investors and
under what conditions. We employ panel regression techniques, namely, Fixed
Effects, Random Effects, and Pooled OLS models, to test (i) the overall impact
of ESG on share prices, (ii) the presence of non-linearities in the ESG-CFP link,
(iii) the moderating role of firm size, and (iv) industry-specific variations. The
findings illustrate that ESG performance does not exert a uniformly positive
effect on firm valuation once time and firm-specific heterogeneity are consid-
ered. Nevertheless, the thesis uncovers substantial heterogeneity: smaller firms
and firms in specific industries, such as technology and healthcare, appear to
benefit more from robust ESG performance. These results highlight the impor-
tance of firm characteristics and industry context when assessing the financial
relevance of ESG initiatives.

Keywords ESG, Corporate Financial Performance, Panel
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Motivation In the past dacade, ESG (Environmental, Social, and Governance)
considerations have become increasingly popular in both corporate strategy and in-
vestor decision-making. The question of whether ESG performance enhances firm
value has become more important than ever as regulatory bodies around the word
have been ESG-related disclosure standards, and institutional investors increasingly
embed ESG considerations into portfolio construction. Although the interest has
been growing, the empirical literature has not produced a definitive consensus re-
garding the ESG â€“ Corporate Financial Performance (CFP) link. While many
studies find a positive link, others report negative, insignificant, or highly condi-
tional results. This lack of consensus is often driven by methodological variation and
the influence of context-specific factors such as firm size, industry, and measurement
period.

This thesis aims to study the extent to which ESG performance affects CFP in
the US market (as proxied by company share prices), and under what conditions this
link holds. Using a panel dataset of S&P 500 companies over the period 2013-2023,
the study applies panel regression methods to test four hypotheses: whether ESG has
a positive effect on share prices, whether this effect exhibits diminishing returns, and
whether the relationship is moderated by firm size or industry. Particular emphasis is
placed on uncovering heterogeneity by incorporating non-linear terms and interaction
effects.

The aim of this thesis is to provide a more granular view on the relevance of ESG
in the corporate realm. More specifically, it aims to uncover when and for whom
ESG performance matters. The goal is to understand whether ESG performance -
CFP link exists, and what are the conditions under which it holds. The insights of
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this study can potentially help inform investor strategies and policymakers’ efforts
to align sustainability goals with financial market behavior.

Hypotheses

Hypothesis #1: ESG performance has a positive and statistically significant
effect on company share prices.

Hypothesis #2: The relationship between ESG performance and company
share prices exhibits an inverted U-shaped pattern.

Hypothesis #3: The effect of ESG performance on company share prices is
significantly moderated by firm size.

Hypothesis #4: The impact of ESG performance on company share prices
significantly differs across industry sectors.

Methodology This thesis will employ panel data econometrics to explore how
ESG performance affects company share prices. I will conduct the analysis on a
sample of publicly listed US firms drawn from the S&P 500 index, observed over a
10-year period. The primary data source for ESG scores and financial controls will
be London Stock Exchange (LSEG) Data & Analytics. To reduce simultaneity bias
and allow for market assimilation of information, all independent variables will be
lagged by one quarter.

The study will begin with a pooled OLS model to establish the simple ESG-
valuation relationship. It will then transition to fixed effects (FE) and random effects
(RE) models to address unobserved firm heterogeneity. The Hausman test will guide
model selection. We will use cluster-robust standard errors at the firm level, as our
diagnostic tests (including those for heteroskedasticity, autocorrelation, and cross-
sectional dependence) are expected to confirm the presence of these issues. Firm-
level clustering offers a reliable way to correct for these common panel data problems
in financial applications.

To test for non-linear effects (H2), I will introduce a squared ESG term. Then, I
will assess Hypothesis 3 (moderation by firm size) by interacting ESG variables with
firm size, measured as the log of total assets. To test for sectoral heterogeneity (H4),
ESG scores will interact with industry dummies based on ICB sector classifications.
The robustness of the results will be examined through alternative lag structures and
split-sample tests by firm size.

Overall, the methodology will be aligned with empirical studies in corporate
finance and applied econometrics, with an emphasis on transparency, robustness
checks, and addressing potential sources of bias such as omitted variables and firm-
level unobservables.
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fects and address endogeneity concerns using fixed effects and robust standard errors.
I expect to find that ESG valuation effects are heterogeneous, or more substantial for
smaller firms and specific sectors. These findings can inform investment strategies
and corporate ESG practices while contributing to the broader academic debate by
highlighting the context-dependent nature of ESG’s financial materiality.

Outline

1. Motivation: Despite the growing prevalence of ESG investing, the literature
offers conflicting evidence on whether ESG performance improves firm valu-
ation. Much of the disagreement stems from methodological differences and
varied attention to context-specific moderators such as firm size and industry.

2. Literature: I will review key theoretical frameworks (e.g., stakeholder theory,
agency theory) and summarize empirical findings, highlighting the divergence
in results and the emerging emphasis on heterogeneity.

3. Data: I will describe how I construct a panel dataset of S&P 500 firms using
LSEG ESG scores and financial indicators over a 10-year period.

4. Methods: I will apply fixed effects panel regression, including interaction and
non-linear terms, to explore how firm size and industry moderate the ESG-
valuation link. I will address endogeneity concerns through lagged regressors
and cluster-robust standard errors.

5. Results: I will present the baseline regression outcomes, followed by extended
models examining non-linearity and moderating effects, along with robustness
checks such as alternative lags and split samples.

6. Concluding remarks: I will summarize the findings, stress the heterogeneous
nature of ESG impacts, and discuss implications for investors, managers, and
future research directions.
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Chapter 1

Introduction

Over the past years, ESG considerations have emerged as a center of corpo-
rate and investor decision-making. In response to global regulatory shifts and
increasing stakeholder expectations, institutional investors are increasingly in-
tegrating ESG into portfolio strategies. In fact, PricewaterhouseCoopers (PwC)
reports that ESG-oriented Assets under Management (AuM) are expected to
increase from US$18.4 trillion in 2021 to US$33.9 trillion by 2026, with ESG
assets projected to make up 21.5% of total global AuM (PwC 2022). Further-
more, Bloomberg Intelligence projects that global ESG assets will hit US$40
trillion by 2030, positing that despite polarized sentiment, the ESG market is
set to align with regulation by the end of this decade (Bloomberg Intelligence
2024).

With ESG considerations growing in prevalence, understanding their impact
on Corporate Financial Performance (CFP) has become a valuable scholarly and
practical endeavor. Yet, the empirical literature so far has not produced a con-
sensus about the relationship between ESG performance and CFP. Although
many studies report a positive link between the two, others show negative, in-
significant, or highly conditional results. Inconsistency arises from differences
in measurement methods (how ESG and CFP are proxied), model specifications,
variable selection, and context-dependent factors, such as market or measure-
ment period.

This thesis aims to investigate whether and under what conditions does
ESG performance affect firm share price performance in the US market. We
draw on a panel dataset of S&P 500 firms from 2013 to 2023 and employ panel
regression methods to test four core hypotheses. The first hypothesis assesses
whether the relationship between ESG performance and firm share prices is
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significantly positive. Secondly, the thesis explores whether the impact that
ESG initiatives exert on company valuation has a diminishing effect - that is,
whether the ESG-CFP link follows an inverted U-shaped pattern. The third
hypothesis studies whether the effect of ESG varies by firm size, hypothesizing
that smaller firms may benefit more from ESG engagement. Lastly, we test
for industry-related variation, evaluating whether ESG valuation effects differ
across sectors. This thesis contributes to the existing ESG-CFP literature by
examining how firm-specific features - particularly firm size and industry af-
filiation - influence the relationship between corporate ESG performance and
financial performance. It incorporates interaction terms to capture heterogene-
ity. Rather than assuming a uniform ESG effect across all firms, this study
highlights under what conditions and for which types of firms ESG activities
genuinely enhance firm value.

The thesis is structured as follows: Chapter 2 reviews the literature, tracing
the evolution of ESG measurement, outlining key theoretical frameworks, and
summarizing empirical findings on both the general and conditional ESG-CFP

link. In Chapter 3 we describe the data sources, variable construction, and
data pre-processing steps. This is followed by Chapter 4, which outlines the
methodological framework, including hypothesis formulation, model specifica-
tion, and the econometric strategy to address endogeneity and heterogeneity.
Chapter 5 describes the empirical findings from baseline panel models, inter-
action terms, and robustness tests. We also discuss the results with respect
to existing literature, discussing theoretical and practical implications, limita-
tions, and avenues for future research. Finally, Chapter 6 summarizes the key
contributions of the thesis and reflects on broader takeaways.



Chapter 2

Literature Review

For over two decades, the academic literature has debated whether stakeholders
should expect corporate ESG considerations to translate into improved financial
performance. A substantial body of literature argues that strong ESG perfor-
mance can enhance stakeholder trust, operational efficiency, and/or risk man-
agement. However, critics argue that ESG initiatives may introduce additional
costs, divert focus from profit-maximizing activities, and/or serve managerial
self-interest. As such, ESG-CFP relationship is complex and often depends on
methodological and contextual factors. The following literature review first nar-
rates how ESG scores originated from Corporate Social Responsibility (CSR).
Then, it discusses into the main theoretical frameworks that shape the ESG-
CFP discourse in the literature. Next, it presents empirical findings on ESG-CFP

link, covering works that find positive, negative, mixed, and neutral relation-
ship between the two variables. Finally, it positions this research within this
broader academic landscape.

2.1 Understanding ESG scores
Carroll (1991) was one of the pioneering voices in the CSR discourse, defining
CSR as a strategic link between business and society. In his influential work,
Carroll conceptualized CSR as a pyramid comprising four layers of corporate
responsibility: economic, legal, ethical, and philanthropic. This model provided
a core structure for the framework that later defined corporate obligations to
society.

In 1995, the European Commission spearheaded the creation of the Euro-
pean Business Network for Social Cohesion, later known as CSR Europe, to pro-
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mote socially responsible business practices across the continent (Idowu et al.
2013), marking a significant step in introducing CSR into corporate agendas in
Europe. This momentum expanded globally when UN Secretary-General Kofi
Annan addressed the World Economic Forum in 1999, urging business leaders
to consider and incorporate broader societal values into corporate strategies.
These developments culminated in the launch of the UN Global Compact in
2000, which outlined key principles related to human rights, labor standards,
and environmental responsibility (United Nations Global Compact 2024).

This narrative reached a turning point in 2004, when the World Bank re-
leased the "Who Cares Wins" report, a framework designed to position envi-
ronmental, social, and governance topics in investment markets (World Bank
2024). From this point onward, ESG gradually evolved into the dominant frame-
work for assessing non-financial value creation, replacing CSR’s philanthropic
emphasis with a more performance-driven, metrics-based, and quantifiable ap-
proach (Wang et al. 2024).

Over two decades later, ESG has become a crucial factor in corporate re-
porting and valuation. However, significant variation exists in how it is mea-
sured. Some reputable ESG data providers, such as London Stock Exchange
Group (LSEG), Morgan Stanley Capital International (MSCI), Sustainalytics,
and Bloomberg, use their methods, leading to some variation between their
ratings. Gibson Brandon et al. (2021) note that this methodological divergence
results in substantial differences between provider ratings. Christensen et al.
(2022) adds that ratings can differ not only in degree but also in direction. For
example, a company rated positively by one provider can be rated negatively
by another. This inconsistency can make it hard for stakeholders to trust the
rating disclosure. Hence, investors have different perceptions of what each of
the ESG metrics entails, according to Kraussl (2024), sometimes making it dif-
ficult for them to include ESG factors in their investment decisions. In essence,
although ESG scores play an important role in modern-day corporate discourse,
they are not considered neutral and/or uniform. As explained above, each score
provider employs its methodology based on subjective judgments about what
matters and to what extent.

This chapter aimed to trace the evolution of ESG scores from CSR concept
of the early 90s and explain the current empirical challenges that this metric
faces. The following section explores how company CSR performance, as often
proxied by ESG scores, is theorized to impact CFP.
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2.2 Theoretical Frameworks
Several diverging theories exist regarding the hypothesized link between corpo-
rate ESG performance and CFP (later referred to ESG-CFP link). Some research
argues that the link is positive, meaning that good ESG performance trans-
lates into enhanced CFP. Stakeholder theory is one of the most prominent
theories that back this expectation. Coined by Edward Freeman in the mid-
80s, Stakeholder theory posits that when companies focus on a diverse range of
stakeholders (besides shareholders), such as employees, customers, and commu-
nities, they can develop strong relationships, boost their operational legitimacy,
and generate overall stakeholder trust and engagement, something that will ul-
timately translate into financial gains (Freeman 1984). Number of studies that
find (some) positive ESG-CFP link, such as Velte (2017), Chen et al. (2023), Ah-
mad et al. (2021), Bahadori et al. (2021), Cheng et al. (2014) cite Stakeholder
theory.

Signaling theory also theorizes a positive ESG-CFP link, suggesting that
a high ESG score reflects transparent disclosure practices, something that re-
duces information asymmetry between companies and their shareholders. For
instance, Broadstock et al. (2021) posit that ESG can signal resilience (during
crisis periods), while Kumar et al. (2022) argue that ESG disclosures can help
companies express "hard-to-observe" corporate qualities to their stakeholders,
something that can ultimately deliver value. Both studies support the idea
that robust ESG performance can be perceived as a signal of forward-looking
corporate conduct and long-term intention of value creation.

The Agency theory contrasts the Stakeholder theory and Signaling theory.
Ross’s foundational text on this paradigm highlights the inherent conflict of
interest between shareholders (principals) and managers (agents) (Ross 1973).
According to Agency theory, some managers can (opportunistically) use cor-
porate resources to engage in CSR activities, not with the intention of creating
long-term value, but to enhance their public image (Brammer & Millington
2008). Some studies, such as Jha & Rangarajan (2020), Chen et al. (2018),
and Kao et al. (2018), which report insignificant, negative, or mixed evidence
(respectively) on the ESG-CFP relationship, also ground their findings within
the Agency theory.

The Trade-off Hypothesis supports a negative interpretation of the ESG-CFP

link. According to Waddock & Graves (1997), socially responsible behavior
will reduce short-term profitability due to the higher costs associated with
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it. Makni et al. (2009) states that socially responsible firms will earn lower
profits, further limiting the capacity to make socially responsible investments.
Allouche & Laroche (2005) further add that companies that invest in socially
responsible behavior may be disadvantaged relative to less responsible but more
profit-focused peers.

Lastly, the Slack Resources hypothesis posits a reverse causal link of ESG-
CFP, namely that financial performance drives ESG performance rather than
the other way around. The intuition is that financially successful firms are
more likely to afford ESG investment, so high ESG scores may reflect prior per-
formance, not future returns. According to Waddock & Graves (1997), better
financial performance can result in the availability of slack resources, increasing
a firm’s ability to invest in social responsibility. About the possible existence
of reverse causality in the relationship, McGuire et al. (1988), Makni et al.
(2009), and Jha & Rangarajan (2020), among others, refer to Slack Resources
hypothesis.

2.3 Evidence of a Positive Link Between ESG and
CFP

Friede et al. (2015) conducted a comprehensive meta-analysis of more than 2000
empirical studies and reported that approximately 90% of the related studies
find a non-negative ESG-CFP link. Hence, we conclude that the overwhelm-
ing majority of research studies in the academia demonstrate some degree of
positive link between ESG practices and CFP. Yet, the observed link between
the two variables varies by nature and strength across the literature. That is
because a considerable variation exists in how CFP is proxied. In the literature,
we often encounter accounting-based indicators, such as Return on Average
Assets (ROAA) and Return on Average Equity (ROAE), and market-based mea-
sures, such as stock returns and firm valuation. When reporting a positive
ESG-CFP link, it is essential to specify whether we mean accounting-based CFP

or market-based CFP. To fully understand the literature supporting a positive
ESG-CFP link, this section groups related literature by how CFP is proxied and
discusses findings in each category.

Let us start with studies that measure CFP via accounting-based variables.
Sandberg et al. (2023) examine a sample of 83 companies from the European
food industry (2017-2020) to find a (mild but) positive and statistically sig-
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nificant link between ESG ratings and ROAA and ROAE using Ordinary Least
Squares (OLS) regression analysis. Also focusing on Europe, Velte (2017) an-
alyzes firms listed on the German Prime Standard (2010-2014) using panel
regression models and reports that overall ESG performance is significantly and
positively associated with ROAA. Per Velte’s findings, among the three ESG pil-
lars, governance has the most decisive influence on financial outcomes, followed
by environmental and social performance. These findings contrast with those
of Bahadori et al. (2021), whose study (using panel regression) covers 623 com-
panies in 24 emerging markets (2014-2018). They report that governance score
has no statistically significant impact on ROAA. However, they conclude that
overall ESG performance and environmental and social scores are positively and
significantly associated with ROAA. The three studies cited in this paragraph
draw on stakeholder theory to explain their findings, arguing that robust ESG

performance strengthens relationships with key stakeholders, translating into
better accounting-based financial performance.

Some studies report that ESG’s positive impact is apparent in market-based
performance indicators, such as returns, volatility, and valuation. Dorfleitner
et al. (2018) find that firms with stronger CSR profiles outperform their peers
in terms of long-term stock performance, with up to a 3.8% increase in buy-
and-hold abnormal returns associated with a one-standard-deviation increase in
CSR scores. The authors posit that ESG-driven investments produce unexpected
cash flows, as investors reward those companies they consider forward-looking.
This is consistent with the results of Shanaev & Ghimire (2022), who inves-
tigate investor reactions to changes in ESG ratings. They find mild, though
not always statistically significant, positive abnormal returns following ESG

upgrades. Importantly, they argue that these benefits can be conditional on
firm-specific characteristics. Servaes & Tamayo (2013), for example, highlight
that CSR positively affects firm valuation, as measured by Tobin’s Q, only when
customer awareness is high. In firms with limited advertising intensity, ESG

engagement yields little to no value and may even harm performance. While
neither Dorfleitner et al. (2018) nor Shanaev & Ghimire (2022) explicitly test
for moderators, their findings suggest that ESG impact is not uniform. They
may depend on firm reputation, stakeholder communication, or the credibility
of ESG information, concepts closely related to the customer awareness channel
identified by Servaes & Tamayo (2013).

Beyond traditional accounting-based and market-based measures, several
studies adopt composite or multi-dimensional proxies for CSR to uncover a posi-
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tive ESG-CSR. For example, Bruna et al. (2022) investigate 350 listed European
firms between 2014 and 2019, employing time-lagged fixed-effects panel regres-
sions and Principal Component Analysis to construct composite indicators for
both ESG and financial performance. Their findings reveal a significant non-
linear (U-shaped) relationship: while smaller firms experience negative returns
from ESG activities regardless of intensity, medium and large firms see financial
performance improve once a certain ESG threshold is crossed. Notably, this
positive effect became stronger following the implementation of the EU’s Non-
Financial Reporting Directive (2014/95). Similarly, Cheng et al. (2014) pro-
vide cross-country evidence from 49 nations, showing that firms with stronger
ESG, particularly those with high stakeholder engagement and transparent CSR

disclosure, face significantly fewer capital constraints. The authors identify im-
proved trust and reduced information asymmetry as key mechanisms linking
ESG to financing access, with results robust across various constraint measures
and estimation techniques, including Instumental Variables (IV), Generalized
Method of Moments (GMM), and Three-stage least squares (3SLS). Extend-
ing this multidimensional lens to the banking sector, Citterio & King (2023)
find that ESG performance serves as a reliable predictor of financial distress,
with higher ESG scores associated with lower risk. Using a panel of US and
EU banks from 2012 to 2019, they implement a range of predictive models,
including Logit, Linear Discriminant Analysis, machine learning, and ensemble
methods, all of which confirm the risk-reducing signal of strong ESG perfor-
mance. These studies show that ESG may not only correlate with ESG, but it
may also serve as a buffer against financial vulnerability across different con-
texts and industries.

Studies discussed above provide substantial evidence of a positive ESG-CFP

relationship across diverse contexts, industries, and measurement approaches.
However, the strength, direction, and mechanisms of this link appear to be
heterogeneous, influenced by firm-specific characteristics, ESG intensity, and
external conditions, suggesting that the link is likely more nuanced than uni-
formly positive.
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2.4 Evidence of a Non-Linear or Conditional Re-
lationship

In the previous section, we discussed studies that report an overall positive
ESG-CFP link. Yet, a substantial body of literature suggests that the relation-
ship is more complex and conditional than just overall positive. For instance,
several studies argue that the link is non-linear or exhibits threshold effects,
while others emphasize that the link is contingent on firm-specific contextual
moderators.

Kumar et al. (2022), who look at firms in the global energy sector, find
that Corporate Sustainability Performance and Reporting (CSPR) (proxied by
Bloomberg ESG scores) is positively associated with accounting-based financial
performance, as measured by ROAA and Return on Capital Employed (ROCE)
only up to a certain point. Beyond the "turning point," they find that addi-
tional ESG engagement leads to diminishing and eventually negative returns.
This holds particularly for the environmental and social components, while the
governance dimension becomes significant only when interacted with earnings
as a moderating variable. Drawing on signaling theory, the authors suggest that
moderate ESG engagement credibly signals responsibility and strategic orien-
tation, enhancing stakeholder trust and legitimacy. However, once ESG efforts
exceed a certain threshold, or "turning point," they begin to generate signaling
"fatigue" and increased complexity - a phenomenon often referred to as the "Too
Much of a Good Thing" effect. Authors also posit that earnings further moder-
ate this relationship: high-earning firms show a pronounced inverted U-shaped
pattern while low-earning firms exhibit a flatter or more linear relationship. In-
tuitively, this implies that for high-earning firms ESG helps up to a point, after
which the marginal benefit declines or even turns negative. On the other hand,
lower-earning firms tend to engage in more modest ESG initiatives, which are
often insufficient to generate meaningful variation in financial outcomes. As a
result, the relationship between ESG and performance in these firms appears
more linear or even flat, as their ESG signals are typically weaker. Nollet et al.
(2016) further verify this view in their analysis of S&P 500 firms (2007-2011)
- although they do not differentiate between high-earning and lower-earning
firms, they identify a significant U-shaped relationship between ESG perfor-
mance and accounting-based indicators (ROAA and ROCE) across their dataset.
Notably, governance-related ESG activities appear to be the primary driver of
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this effect.
Furthermore, Bruna et al. (2022) observe a curvilinear relationship in their

study of 350 European firms, finding that financial performance initially de-
clines with rising ESG scores but begins to recover after a mid-range threshold,
particularly for medium and large firms. Their findings imply that ESG com-
mitment may only yield positive financial effects once a firm reaches a level of
engagement perceived as credible.

Interestingly, Liu et al. (2022) apply a configurational perspective using
fuzzy set Qualitative Comparative Analysis to examine how different combi-
nations of ESG factors contribute to financial performance. Analyzing firms
from the Eurozone, their results indicate that no single ESG pillar is sufficient
to drive improved financial outcomes. Instead, specific configurations, such as
strong governance coupled with modest social or environmental scores, can lead
to an enhanced financial performance - highlighting the existence of multiple
transimission pathways for ESG-CFP link. These findings suggest that firms
may achieve financial benefits not through uniformly high ESG performance
across all pillars, but through strategically aligned combinations that fit their
operational and strategic contexts.

These studies demonstrate that the financial implications of ESG are far
from homogeneous and generalist, with firm-specific characteristics, level of
ESG committment, type of ESG committment, and strategic alignment playing
a crucial role in shaping financial outcomes. Despite growing recognition of
the importance of these contextual factors, there is still no consensus in the
literature on which moderators are most relevant. This points to the need for
more nuanced, context-sensitive interpretations of the ESG-CFP relationship.

2.5 Evidence of No Significant Results
Some literature finds little to no statistical association between ESG and CFP.
These studies typically suggest that ESG may not universally enhance firm
value, particularly when confounding variables are adequately accounted for
or when ESG is measured as disclosure rather than as an indicator of material
performance. For instance, McWilliams & Siegel (2000) argue that the sup-
posedly positive ESG - CFP link disappears when key explanatory factors, such
as research and development (R&D) expenditure, are included in the model.
They argue that earlier findings may be subject to misspecification or omitted
variable bias.
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Aupperle et al. (1985) and Alexander & Buchholz (1978) are among some
of the earliest contributors to this point of view. Back then, there were no
publicly available third-party ESG scores, so Aupperle et al. (1985) employed
Carroll’s four-part construct of CSR (economic, legal, ethical, and discretionary
dimensions) to proxy CSR. The collected Chief Executive Officer (CEO) survey
data and applied factor and correlation analyses to test its relationship with
firm profitability. His findings revealed no significant link between the two and
suggested that inconsistent results across the literature may be due to method-
ological limitations or ideological framing. Similarly, Alexander & Buchholz
(1978) examined risk-adjusted stock returns using Jensen’s alpha and CSR rep-
utation scores derived from environmental and community-focused evaluations.
They, too, found no significant association between CSR engagement and firm
performance.

In a more recent body of literature, Demers et al. (2021) look at whether
ESG immunized US stocks during the Covid-19 crisis. They conclude that ESG

scores did not significantly impact stock returns-measured through buy-and-
hold abnormal returns and raw returns-after controlling for traditional financial
indicators and market-based risks. In contrast, investments in intangible assets
significantly and positively explained stock performance. Their findings sug-
gest that ESG should not be assumed as a financial hedge in periods of crisis.
Furthermore, La Torre et al. (2020) analyze Eurostoxx50 stocks and ESG dis-
closure indexes and find a broadly neutral effect of ESG index inclusion on stock
returns. Specifically, a statistically significant effect was found only for a small
subset of companies (7 out of 46), primarily in the energy and utilities sectors.
ESG factors alone explained very little stock return variation, suggesting other
risk factors mainly drive returns.

2.6 Evidence of a Negative or Mixed Relationship
Between ESG and CFP

While many studies support a positive link between ESG and financial perfor-
mance, others highlight scenarios where ESG initiatives may, in fact, negatively
impact profitability, especially under mandatory regulatory frameworks. For
instance, Jha & Rangarajan (2020), analyzing a panel of Indian firms, find
that the relationship between Corporate Social Performance (CSP) and finan-
cial outcomes is largely insignificant or negative. After conducting an analysis
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using Granger causality and vector error correction models, they argue that
ESG efforts in this setting may be driven more by institutional pressure than
by strategic integration. Furthermore, Chen et al. (2018) observe a natural
experiment in China to examine the effects of a government-mandated CSR

disclosure policy. Evaluating data from listed firms before and after the im-
plementation of the regulation, the authors discover that mandatory CSR dis-
closure led to a significant decline in firm profitability, particularly for State
Owned Enterprises (SOE). The authors explain that firms, especially SOEs, re-
sponded somewhat figuratively to these disclosure requirements, focusing more
on compliance and less on strategic integration and alignment. As a result,
SOE’s endeavors were perceived more as a cost burden and less as a source
of competitive advantage. The authors ground these findings in the Agency
theory, arguing that managers in politically influenced firms may pursue dis-
closure for legitimacy rather than value creation, which can impose inefficiencies
on shareholders. Kao et al. (2018) further elaborate on the distinction between
SOEs and non-SOEs in the Chinese market, uncovering a mixed pattern shaped
by ownership. They argue that while non-SOEs exhibit a positive link from ESG

to future financial performance, SOEs display the opposite - financially success-
ful SOEs are less likely to invest in CSR, indicating that ESG may serve more
political or reputational goals than (financial) performance-driven ones. Over
time, however, the authors note a gradual transition toward a more positive
association, suggesting that institutional maturity can play a role. These stud-
ies illustrate that ESG engagement is not uniformly strategic or beneficial; its
financial relevance depends on how firms internalize sustainability and whether
ESG is embedded as a proactive value driver or adopted as a reactive, symbolic
gesture.

Some studies question not only the direction and nature but also the very
existence of a meaningful relationship between ESG and CFP. For instance,
Makni et al. (2009), using panel data from 179 Canadian firms, apply both
pooled OLS and Granger causality tests to assess whether CSP drives financial
outcomes or the other way around. Their results indicate no significant causal
link between aggregated ESG scores and financial performance. Notably, while
social and governance dimensions show weak or inconsistent associations with
financial performance, the environmental component exhibits a statistically
significant negative impact on financial performance in some models. These
findings support the trade-off hypothesis, which argues that ESG initiatives,
particularly those with substantial costs, may reduce short-term profitability.
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Additionally, the study cautions that much of the literature may be conflat-
ing correlation with causation, especially in contexts where firms with strong
performance can afford more ESG engagement.

Adding further nuance to the debate, van der Laan et al. (2008) presents
evidence of an asymmetric relationship between corporate social and financial
performance. Using panel data from S&P 500 firms from 1997-2002 and apply-
ing Fixed Effects (FE) regression models, they disaggregated CSP into positive
and negative components. Their findings reveal that negative CSP, such as la-
bor standards violations and/or scandals related to environmental misconduct,
significantly reduces financial performance, particularly when it affects primary
stakeholders. In contrast, positive CSP, such as proactive sustainability initia-
tives, shows a much weaker or neutral impact on accounting-based financial
outcomes. The authors extend Stakeholder theory by suggesting that firms
are penalized more heavily for failing to meet stakeholder expectations than
rewarded for exceeding them.

Another line of criticism focuses on the reliability of signals emitted by ESG

scores. Christensen et al. (2022) examine the implications of ESG rating dis-
agreement across major providers and find that existing divergence reduces the
informativeness of ESG scores, increasing market uncertainty, and ultimately
weakening the perceived value of ESG disclosures. Rather than providing a clear
signal to investors, inconsistent ratings appear to generate confusion, under-
mining ESG’s role as a credible indicator of CSR. This idea is echoed in Kraussl
et al. (2024)’s work, who review investor beliefs and expectations around ESG

and find that some investors perceive ESG integration as detrimental to long-
term returns, particularly when ESG goals are prioritized over financial perfor-
mance. These insights suggest that even when firms invest in ESG practices,
misalignment in rating methodologies and skepticism from capital markets can
potentially dilute any potential benefits to CFP.

2.7 Methodological Trends
The ESG-CFP literature employs a variety of methodological approaches, which
partly explains the variation in reported findings. Panel regressions remain
the most widely used empirical technique. For instance, Velte (2017) employs
FE panel models to examine the ESG-CFP link in German Prime Standard
companies, finding a significant positive association with ROAA. Similarly,
Bahadori et al. (2021) use panel regression analysis on a sample of 623 firms
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across 24 emerging markets, finding that environmental and social scores (but
not governance) are positively associated with ROAA. Ahmad et al. (2021)
go a step further by employing both static and dynamic panel estimators,
including the GMM, to test the ESG-CFP relationship in FTSE350 firms. These
studies illustrate the prevalence of panel data methods in revealing long-term
ESG effects while controlling for omitted variable bias; however, they remain
vulnerable to endogeneity concerns when causal inference is the goal.

Some studies apply event study and Difference-in-Differences (DiD) frame-
works to address causality. Shanaev & Ghimire (2022) use a calendar-time
portfolio methodology and various asset pricing models (i.e., Capital asset pric-
ing model (CAPM), Fama-French, Carhart) to examine abnormal stock returns
following ESG rating changes. They find modest positive market reactions to
upgrades. Similarly, Broadstock et al. (2021) adopt a DiD approach to assess
whether ESG performance provided downside protection during the Covid-19
market shock. Their results indicate that firms with strong ESG profiles were
more resilient during the crisis, although the effect varied across sectors. Mean-
while, Chen et al. (2018) analyze an effect of establishment of mandatory CSR

disclosure in China using DiD and IVs, finding that mandated ESG disclosure
reduced profitability. These approaches enable stronger causal claims, although
they are context-specific and often limited in external validity.

Meta-analyses serve as another powerful tool for synthesizing findings from
various studies. Friede et al. (2015) conduct a meta-analysis of over 2,000
ESG-CFP studies and report that approximately 90% show a non-negative rela-
tionship, offering compelling aggregate high-level evidence for a positive link.
Busch & Friede (2018) extend this by focusing on the robustness of method-
ologies used, while Allouche & Laroche (2005) present one of the earlier meta-
analytic efforts to understand the ESG-CFP link. While these studies help iden-
tify overall trends, they also highlight the methodological heterogeneity across
these studies, affecting comparability and generalizability.

Finally, the reliability of ESG data sources significantly impacts empirical
outcomes, as mentioned above. Some of the most commonly cited ESG data
providers, including LSEG, Bloomberg, MSCI, and Sustainalytics, each employ
a distinct, in-house methodology, weightings, and disclosure standards. This
leads to substantial divergence in ESG scores across providers, as emphasized
in several studies (i.e., Christensen et al. (2022) and Gibson Brandon et al.
(2021)). These rating inconsistencies raise concerns about construct validity
and make cross-study comparisons more challenging. In addition, ESG scores
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may reflect disclosure quality rather than actual performance, introducing fur-
ther measurement bias.

The ESG-CFP literature reflects a spectrum of empirical designs and data
choices. While this diversity enriches the field, it is hard to distill definitive,
broadly accepted conclusions, particularly when identifying moderators. As a
result, efforts to pin down a generalizable understanding of how and when ESG

matters remain a work in progress.

2.8 Positioning this study in the literature
This thesis adds to the growing body of literature which studies the nuanced
and context-specific link between corporate ESG performance and CFP. While
a substantial number of studies posit a positive relationship between ESG and
CFP, particularly when financial performance is evaluated through accounting-
based metrics such as ROAA and ROAE (Velte 2017; Ahmad et al. 2021; Ba-
hadori et al. 2021), others argue that the link is conditional or even negative,
depending on unique model or firm characteristics (Bruna et al. 2022; Kumar
et al. 2022; Makni et al. 2009).

Our study joins a subset of the literature that employs panel regression
techniques and market-based financial proxies, in our case, the natural loga-
rithm of share prices, to examine the valuation relevance of ESG. This choice
of dependent variable aligns with Havlinova & Kukacka (2023). We use ESG

scores and financial controls lagged by one quarter to reflect the realistic delay
in how investors incorporate sustainability information into their decisions, a
practice consistent with Havlinova & Kukacka (2023), Cheng et al. (2014) and
Bruna et al. (2022).

Methodologically, our approach is in line with recent panel-based studies
such as Havlinova & Kukacka (2023), using FE to control for time-invariant
firm-specific characteristics and conducting robustness checks through Random
Effects (RE) and pooled OLS specifications. However, our contribution lies in
explicitly modeling heterogeneity by testing for non-linearity (e.g., diminishing
returns to ESG), firm-size moderation, and sectoral differences. These exten-
sions help to clarify under what conditions ESG matters most, echoing findings
from Bruna et al. (2022), Liu et al. (2022), and Nollet et al. (2016), who also
point to context-based mechanisms.

The results of our empirical analysis suggest that the ESG-CFP link is weak
when viewed in aggregate, supporting critiques raised by Demers et al. (2021)
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and La Torre et al. (2020) about overstating ESG’s universal financial relevance.
However, we uncover firm size-based and industry-specific heterogeneity, indi-
cating that ESG is more likely to be rewarded in small firms and sectors like
technology and healthcare while possibly penalized in others like energy. This
aligns with the configurational perspective advocated by Liu et al. (2022) but
goes further by confirming it within a panel econometric framework using US
market data.

Finally, while our results do not establish a causal relationship, they offer a
detailed mapping of associations and interactions that can guide more causally
oriented studies in the future by outlining where ESG "matters" most from a
valuation perspective; this thesis provides a foundation for future research to
test causal mechanisms through more advanced designs such as IVs, DiDs, or
event studies.



Chapter 3

Data

The following chapter describes the dataset underpinning the thesis and how
relevant variables were selected and constructed. The dataset uses annual
company-level data from S&P 500 index-listed companies spanning from 2013
to 2023, and all comprising variables are extracted from the LSEG (formerly
Refinitiv) database. We begin the analysis by describing the key independent
variable in the study - LSEG’s ESG scores, to describe the method underpinning
the construction of this metric. Furthermore, we detail how the control vari-
ables were selected and constructed to comprehensively capture the ESG-CFP

link while providing a brief overview of data source integration. This chapter
concludes by presenting descriptive statistics of variables, providing a high-level
overview of the ESG and financial characteristics of the sampled firms.

3.1 Variables

3.1.1 Key independent variable - ESG scores

The primary independent variable in the following thesis is the ESG score, which
is set as a proxy for firms’ CSR performance. We source ESG data from the LSEG

data and analytics, one of the most widely used and acknowledged ESG rating
providers in financial research. LSEG ESG scores are based on a transparent,
data-driven evaluation of firms’ sustainability performance based on over 630
individual ESG metrics.

LSEG’s scoring model is based on a curated subset of 186 indicators se-
lected for their cross-industry comparability and relevance. They group these
indicators into ten distinct categories, further aggregating them into the three
core ESG pillars: Environmental, Social, and Governance. The pillar scores are
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then combined into a single ESG score, normalized on a scale from 0 to 100,
where higher values represent better ESG performance (London Stock Exchange
Group 2023).

To ensure relevance and comparability, the weighting incorporates operat-
ing industry consideration - for instance, environmental performance is more
critical for extractive industries than service-oriented ones. This approach en-
sures that the resulting ESG score captures specific sustainability challenges
and speaks to expectations relevant to each company’s operational context.

Table 3.1: ESG Pillars and Their Respective Categories Used in
LSEG Scoring

Pillar Category
Environmental Resource Use

Emissions
Innovation

Social Workforce
Human Rights
Community
Product Responsibility

Governance Management
Shareholders
CSR Strategy

Note: Table shows the three ESG pillars and their respective categories used in LSEG’s
ESG score calculation.
Source: London Stock Exchange Group (2023).

Besides ESG scores, LSEG also offers an alternative - ESGc score, which
integrates the core ESG score with a controversy overlay, comprising public
scandals and/ media-reported incidents. Such public controversies can pose
reputational risks for firms, potentially impacting stakeholder perceptions neg-
atively. However, we use ESG scores (not ESGc) to isolate and evaluate the
intrinsic structural ESG performance of firms, cutting out the impact of short-
term, event-driven noise. This choice is particularly relevant for this thesis, as
we are interested in enduring, strategic ESG engagement rather than reactive
responses to external crises. Designed to be industry-comparable, LSEG’s ESG

scores are based on transparent and publicly documented methodology, making
them a robust and suitable measure for this analysis.
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3.1.2 Other variables

The following thesis extends on the empirical analysis of Havlinova & Kukacka
(2023), who study the relationship between corporate ESG performance and
CFP through panel data analysis. Consistent with their approach, we proxy
CFP using the natural logarithm of share prices and set it as a dependent vari-
able. To control for the impact of ESG scores on firm share prices, we also adopt
control variables from their study, namely: Net Income per Share (NIPS), Book
Value per Share (BVPS), Long-Term Debt to Total Assets ratio (LTDTA), and
the natural logarithm of total assets. Lastly, following Havlinova & Kukacka
(2023)’s approach and standard practice in the field, we lag all explanatory
variables by one quarter to account for the time investors need to act upon
ESG and financial information. Intuitively, investment decisions are typically
based on various set factors, including pre-defined strategies, fund mandates,
and exposure limits - hence, we argue that under normal circumstances, in-
vestors will not be adjusting their holdings instantaneously upon receiving new
information and, therefore, employing a time lag of at least one quarter is
warranted.

Considering that the dependent variable under examination is share price
performance, we have to control for key factors that drive it- profitability,
leverage, and firm size: NIPS captures a firm’s profitability on a per-share basis.
Controlling for NIPS helps us isolate the impact of ESG performance from basic
earnings fundamentals. Share prices are susceptible to profit expectations, and
by including NIPS, we ensure that any observed relationship between ESG scores
and share prices does not simply reflect profitability differences across firms or
over time.

Furthermore, we incorporate market valuation using BVPS. The inclusion
of BVPS enables us to control for the tangible value created by the company,
which ultimately affects investor interpretation of ESG signals. The valuation of
a firm with robust ESG performance but lower book value will differ from that
of a firm with strong fundamentals and good ESG credentials. Including BVPS

ensures we are not confounding ESG-driven valuation effects with traditional
value-based investment assessments. Taken together, NIPS and BVPS account
for both income-based and asset-based aspects of financial strength.

Furthermore, we control for leverage and financial risk using LTDTA. Highly
leveraged firms may be considered riskier, especially during economic uncer-
tainty, which can affect their market valuation regardless of ESG performance.



3. Data 20

By including LTDTA, we account for the possibility that firms with high or
low ESG scores may also differ systematically in how they finance their opera-
tions. This is particularly important in ESG studies, where high ESG scores are
sometimes associated with lower financial risk and more conservative capital
structures.

We also consider firm size in our analysis. Firm size is a well-known de-
terminant of both investor attention and financial stability. Larger firms are
generally more diversified, have better access to capital markets, and are more
visible to investors and analysts. These characteristics can affect how quickly
or meaningfully ESG information can be priced into share prices. Furthermore,
larger firms may be more likely to adopt formal ESG policies or disclose ESG

data, which could bias the results if not adequately controlled for. By including
firm size (log-transformed), we adjust for these scale-related effects and better
isolate the ESG-valuation relationship. In addition, larger firms may be sub-
ject to greater public scrutiny and more likely to engage in ESG practices, as
highlighted by van der Laan et al. (2008) and Havlinova & Kukacka (2023).

Unlike Havlinova & Kukacka (2023)’s study, however, this thesis does not
include R&D (Research and Development) intensity as a control variable. Over
the ten-year horizon of this dataset, R&D data coverage was minimal, particu-
larly among smaller firms and specific industries. While Havlinova & Kukacka
(2023) addresses this limitation through imputation techniques, such as esti-
mating missing values as 0.5% of revenues, using zeros, or relying on industry
averages, these strategies, though methodologically sound, introduce assump-
tions that may affect model interpretation. For instance, imputations based on
industry means may be less reliable in sectors with sparse R&D data, or where
firm size varies significantly. As noted by Koh et al. (2018), such imputations
can influence model sensitivity, even when robustness checks are employed.
Given these considerations, this study takes a more straightforward approach
by excluding R&D from the baseline model.

Overall, the selected control variables are well-grounded in prior ESG-CFP

literature and tailored to this study’s specific focus on share price performance.
Please refer to the table below for a complete overview of the variables used in
the empirical analysis.

Finally, to address potential unobserved heterogeneity and help address
endogeneity concerns, we also explore the use of industry and time dummies.
These fixed effects account for sector-specific ESG norms and macroeconomic
fluctuations that could otherwise confound the estimated relationship between
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ESG and financial performance.

Table 3.2: Variable Explanations

Variable Description

Log (Price) (USD) Natural logarithm of the closing price of each
share

ESG Score (0-100) Company’s cumulative ESG performance
NIPS (USD) Net income per share = Net income after tax /

common shares outstanding
BVPS (USD) Book value per share = Book value of equity /

common shares outstanding
LTDTA (%) Long-term debt to assets = Long-term debt /

total assets
Log (Assets) (USD) Natural logarithm of total assets

3.1.3 Data sources

Data was accessed through student credentials from the Institute of Economic
Studies at Charles University in Prague. The financial data and ESG scores for
S&P500 companies were sourced from the LSEG database (formerly Refinitiv)
using the Eikon Datastream Excel add-in. These datasets are subject to licens-
ing restrictions and were explicitly accessed for this paper. All data preparation
and analysis, including preliminary organization and model estimations, were
performed in R through Jupyter Notebook. The dataset is an unbalanced panel
that contains data on 472 unique companies. The descriptive statistics section
below explains the reasoning behind keeping only 472 firms in the dataset.

3.2 Descriptive statistics
The dataset used in this thesis comprises annual observations for companies
listed on the S&P 500 index from 2013 to 2023. The final dataset, after initial
cleaning and pre-processing, comprises approximately 4,500 firm-year observa-
tions.

The original dataset included 500 companies. However, we undertook sev-
eral steps to refine data quality and ensure robust empirical analysis. We
applied a stringent criterion concerning ESG data completeness, given that ESG

scores are the key variable in this thesis. We excluded firms for which more than
80% of ESG observations were missing. This resulted in the removal of 23 firms
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for which 100% of ESG observations were missing, and two additional firms with
over 80% missing values. These steps were crucial to ensure that our empirical
analysis is based on sufficient, consistent, meaningful, and representative data
rather than excessive noise and sporadic reporting. In addition, we identified
two clear statistical outlier firms - Berkshire Hathaway Inc. and NVR Inc. - and
excluded them from the analysis. Both companies were empirically validated
to be outliers using the standard z-score method, which considered observa-
tions over and under three standard deviations from the mean of each variable
to be considered outliers. Both firms reported values beyond this threshold
across multiple variables, and over one-third of their data points were flagged
as outliers based on this method.

The dataset also includes industry classifications obtained from LSEG, based
on the Industry Classification Benchmark (ICB). These classifications span
ten sectors: Consumer Discretionary, Consumer Staples, Energy, Financials,
Health Care, Industrials, Real Estate, Technology, Telecommunications, and
Utilities. Each of the 472 firms have a corresponding industry classification.

After systematically applying these empirical filters, complete ESG data
absence (23 firms), extreme outlier exclusion (2 firms), and excessive missing
ESG values (2 firms), the final sample size was reduced from 500 to 472 unique
firms. The remainder of the dataset exhibits satisfactory data completeness. A
summary of key variables and their descriptive statistics is provided in Table 3.3
below.

Table 3.3: Descriptive Statistics of Main Variables

Variable Mean Median SD Min Max

BVPS (USD) 28.0 19.8 28.8 -20.3 318.0
Close Price (USD) 105.0 72.3 129.0 0.400 2399.0
ESG Score (0-100) 55.2 55.7 16.6 2.46 92.4
LTDTA (%) 0.255 0.251 0.161 0.000 1.93
NIPS (USD) 4.38 3.29 6.26 -61.2 117.0
Total assets (billion USD) 75.1 20.2 244.3 0.2 3,740

The ESG has a mean of 55.2 on a 0 to 100 scale, with a median of 55.7.
Given the close mean and median values, this variable shows a nearly symmetric
distribution. The scores range from as low as 2.46 to as high as 92.4, with a
standard deviation of 16.6 - pointing to the fact that the variable likely exhibits
considerable variation.

Regarding financial metrics, the average BVPS is $28.0, with a standard
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deviation 28.8. The wide range (from -$20.3 to $318) illustrates that the dataset
contains highly distressed firms with negative equity and highly capitalized
entities. Notably, the presence of companies with negative BVPS may appear
economically counterintuitive. Following the argument of Brown et al. (2008),
negative book equity has become increasingly common and can capture relevant
dynamics in high-growth or R&D-intensive firms. Excluding these firms risks
substantial data loss and introduces sample selection bias, primarily since many
are located at the extremes of the value-growth spectrum and can meaningfully
influence asset pricing outcomes. We follow Havlinova & Kukacka (2023)’s
approach and deliberately retain firms with negative BVPS while acknowledging
this factor in interpreting regression results.

Stock prices, measured via the closing price, also show notable dispersion.
While the average stock trades at $105, values range from $0.40 to over $2,300
per share. The extremely high max value suggests the presence of high-value
outliers; hence, conducting a log transformation prior to analysis is warranted.

The LTDTA ratio, a proxy for leverage, has a mean of 25.5%, with firms
ranging from zero leverage to those that are highly leveraged (up to 193%).
The mean and median are close, which implies that a distribution is symmetric
for most firms.

NIPS, which measures profitability on a per-share basis, has an average value
of $4.38 and exhibits considerable variation (SD = 6.26). The values span from
$61.2 to $117, illustrating significant heterogeneity in earnings performance.
The data is right-skewed and has a high maximum. The skewness and heavy
tails here could affect the assumptions of normality in some econometric models,
warranting robust standard errors or transformation.

Total assets, presented in billions of USD, have a mean of $75.1 billion and
a median of $20.2 billion, with values ranging from $0.2 billion to $3,740 billion.
The massive upper tail, driven by firms such as JPMorgan Chase, justifies our
use of the logarithmic transformation (natural logarithm of assets) to normalize
scale differences and reduce skewness in regression models.



Chapter 4

Methodology

The following methodology section describes the empirical approach employed
to study the relationship between firms’ ESG performance and their financial
valuation, as expressed by company stock prices. Building on the empirical
findings and theoretical hypotheses from the literature review discussed above,
our analysis uses an array of panel data regression models, including OLS, FE,
and RE, to examine the ESG - CFP relationship. The research methodology
addresses three essential econometric concerns, including endogeneity from un-
observed firm-specific characteristics, macroeconomic shocks that can confound
the ESG - CFP link, and potential heterogeneity and non-linearities in the ESG-
CFP nexus.

The initial exploratory analysis revealed that the ESG effect varies across
different firm contexts, so we expanded the baseline specification by adding
interaction terms and non-linear components. The extended model enables us
to analyze how ESG performance affects firm valuation differently across various
sizes and industry sectors.

The remainder of this chapter is structured as follows. Section 4.1 presents
the core and auxiliary hypotheses that drive our empirical strategy. Subse-
quently, we detail our baseline model and its econometric extensions, adding
squared terms to capture non-linear relationships and interaction terms to ex-
plore conditional effects by firm size and industry. Lastly, the section discusses
panel estimation approaches used in this thesis - pooled OLS, FE, and RE -
highlighting their underlying assumptions, strengths and limitations, and ap-
plicability to this empirical analysis.
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4.1 Research Hypothesis
Building on the literature review and theoretical considerations discussed ear-
lier, this thesis formulates the following hypotheses to systematically examine
the relationship between ESG performance and CFP:

Hypothesis 1 (H1): ESG performance has a positive and statistically sig-
nificant effect on company share prices.

This hypothesis explores a general positive relationship, examining whether
higher ESG scores overall lead to higher firm market valuations.

Hypothesis 2 (H2) : The relationship between ESG performance and com-
pany share prices exhibits an inverted U-shaped pattern.

This hypothesis tests whether marginal valuation benefits from ESG invest-
ments diminish after a certain threshold or turning point.

Hypothesis 3 (H3) : The effect of ESG performance on company share
prices is significantly moderated by firm size, with smaller firms experiencing a
stronger ESG - CFP relationship compared to larger firms.

This hypothesis examines whether ESG efforts are valued differently depend-
ing on firm size, positing that ESG signals possibly be more effective in smaller
companies.

Hypothesis 4 (H4) : The impact of ESG performance on firm valuation
significantly differs across industry sectors.

This hypothesis explores the potential of sectoral heterogeneity. In other
words, we explore whether the effect of ESG on company valuation varies by
industry.

The above-mentioned hypotheses structure our empirical study, allowing
straightforward interpretation through regression analysis. Each hypothesis
has been formulated to be explicitly testable, enabling us to confirm or reject
them based on statistical evidence provided by our models.

4.2 Model Specification
We estimate a set of panel regression models to test the stated hypotheses em-
pirically. These models progressively incorporate additional elements of hetero-
geneity and nonlinearity to comprehensively examine the relationship between
ESG scores and share prices.
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4.2.1 Baseline Fixed Effects Model

To address Hypothesis 1 (H1 ), we specify a baseline fixed effects model:

LogPricei,t = αi + β1ESGi,t−1 + β2BV PSi,t−1 + β3LTDTAi,t−1

+ β4NIPSi,t−1 + β5 ln(Assets)i,t−1

+ γt + ϵi,t

(4.1)

where LogPricei,t is the logarithm of the closing stock price of the firm i at
time t, ESGi,t−1 is the ESG score lagged by one quarter, and control variables
include book value per share (BVPS), leverage (LTDTA), profitability (NIPS),
and firm size (logarithm of assets), also lagged by one quarter. Firm-specific
fixed effects (αi) control for unobserved, time-invariant heterogeneity, and year-
fixed effects (γt) account for temporal trends.

4.2.2 Non-linear ESG Effect

To test Hypothesis 2 (H2 ), regarding potential non-linearity in ESG effects, we
extend the baseline model by including a squared ESG term:

LogPricei,t = αi + β1ESGi,t−1 + β2ESG2
i,t−1 + X′

i,t−1β + γt + ϵi,t (4.2)

where X′
i,t−1 represents the vector of lagged control variables defined previ-

ously.

4.2.3 Moderating Effect of Firm Size

To test Hypothesis 3a (H3a), regarding the moderating effect of firm size on
the ESG-CFP relationship, we add the interaction term of ESG scores and firm
size:

LogPricei,t = αi + β1ESGi,t−1 + β2 ln(Assets)i,t−1

+ β3 (ESGi,t−1 × ln(Assets)i,t−1)

+ X′
i,t−1β + γt + ϵi,t

(4.3)
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4.2.4 Industry-specific ESG Effects

Finally, we examine Hypothesis 3b (H3b) regarding industry-specific variations
by interacting ESG scores with industry dummies:

LogPricei,t = αi+β1ESGi,t−1+
9∑︂

j=1
δj(ESGi,t−1×Industryj,i)+X′

i,t−1β+γt+ϵi,t

(4.4)
Here, Industryj,i are industry dummies based on the ICB industry classifi-

cations, capturing sectoral differences in how ESG performance influences firm
valuation.

All models are estimated to have cluster-robust standard errors at the firm
level to mitigate heteroskedasticity, cross-sectional dependence, and autocorre-
lation issues.

4.3 Panel Estimation Methods
This study evaluates the connection between firms’ ESG performance of firms
and their market valuation through Pooled OLS, FE, and RE panel data mod-
els. The different estimators handle time-invariant unobserved heterogeneity
in unique ways, and their comparison ensures that our empirical results remain
both robust and reliable.

The main benefit of panel data in applied econometrics involves controlling
unobserved characteristics that differ between entities but stay constant over
time (e.g., corporate culture, managerial quality, long-standing strategic orien-
tation, etc.). Failure to consider fixed traits can lead to omitted variable bias,
which produces inconsistent estimates. The analysis of both cross-sectional
and temporal dimensions in our dataset through panel models enables us to
explore actual causal relationships beyond spurious correlations.

4.3.1 Pooled OLS

The Pooled OLS model serves as a naive benchmark. The model views the
panel data as a single large cross-section while ignoring differences between
firms and unmeasured firm-specific effects. The estimation uses our S&P 500-
based dataset as a random US firm sample while assuming error terms are
independently and identically distributed (i.i.d.) across all observations given
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the regressors. The estimation becomes easier but fails to address potential
biases stemming from enduring unobserved differences between firms.

yit = α + x′
itβ + εit, i = 1, . . . , N, t = 1, . . . , T.

The error term under this setup is assumed to be uncorrelated across firms
and time. Although this assumption is likely violated in corporate panel data,
Pooled OLS remains useful for initial insight into average effects and as a base-
line against which more advanced models can be compared. We also apply
Cluster-robust standard errors (clustered at the firm level) to address autocor-
relation and heteroskedasticity.

4.3.2 Fixed Effects (FE)

The FE model controls for all time-invariant heterogeneity across firms by al-
lowing each firm to have its intercept, effectively demeaning the data within
each entity:

yit = αi + x′
itβ + εit.

This estimator is consistent even when unobserved firm-specific factors (e.g.,
internal governance structures, reputational traits, etc.) are correlated with
the explanatory variables, a key concern in corporate research. By focusing
on within-firm variation over time, the FE estimator captures how changes
in ESG performance are associated with changes in CFP. However, it comes
at the cost of discarding between-firm variation, precluding the estimation of
time-invariant variables (e.g. baseline industry affiliation, etc.).

4.3.3 Random Effects (RE)

The RE model relaxes the strict FE assumption by treating firm-specific het-
erogeneity as a random variable:

yit = α + x′
itβ + ui + εit,

Where ui is the firm-specific effect, which is assumed to be uncorrelated
with the regressors. RE models are more efficient than FE if this assumption
holds, as they capture both within- and between-firm variation. They also
allow the inclusion of time-invariant regressors, which may be important in
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settings where cross-sectional structure matters (e.g., baseline ESG orientation
by sector). However, the estimator becomes inconsistent if the RE assumption
is violated, as often occurs in firm-level financial data. The Hausman test
determines the appropriateness of RE relative to FE.



Chapter 5

Empirical results

5.1 Assumptions testing
The following section evaluates the assumptions of the linear panel model before
moving on to the estimation and interpretation of the panel regression results.
We systematically test for key violations, including cross-sectional dependence,
heteroskedasticity, stationarity, and serial autocorrelation in our dataset, which
contains publicly listed S&P 500 firms observed over multiple years.

Given the nature of our research, which seeks to examine the effect of ESG

scores on firm valuation, ensuring the econometric robustness of our models
is crucial. The S&P 500 firms experience shared experiences that ultimately
affect their valuation, including but not limited to macroeconomic conditions,
industry patterns, regulatory shifts, and firm-level events - factors that can
counter the standard error assumptions of homoskedasticity, the existence of
independent identically distributed errors and lack of autocorrelation. The
failure to address these violations can result in biased or inefficient estimators,
inflated test statistics, and/ misleading inferences.

We perform multiple diagnostic tests to understand the nature of this
dataset better. Our analysis starts with Pesaran’s Cross-sectional Depen-
dence (CSD) test. This is followed by the Breusch-Pagan test for heteroskedas-
ticity testing. Next, we employ Variance Inflation Factors (VIF) for multi-
collinearity assessment and the Augmented Dickey-Fuller test to evaluate the
stationarity of the variables. Finally, we test for first-order serial correlation
using Wooldridge’s panel autocorrelation test.

These tests reveal definitive evidence of cross-sectional dependence, het-
eroskedasticity, and serial correlation. On the other hand, the variables demon-
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strate stationarity and no signs of concerning multicollinearity. Given the find-
ings, we apply cluster-robust standard errors (clustered at the firm level) to our
panel regressions. The correction maintains valid econometric inference despite
the complex panel structure.

5.1.1 Cross-sectional dependence

In panel data analysis, CSD describes the correlation of residuals between differ-
ent cross-sectional units at a given time. Such dependence occurs when relevant
entities are exposed to shared shocks from unobserved factors-including (but
not limited to) macroeconomic shocks, industry-wide developments, and/or
regulatory changes. If CSD is present but not accounted for, it can lead to bi-
ased standard errors, inflated test statistics, and, ultimately, invalid inference,
especially when the number of cross-sectional units is significant. Testing for
CSD is critical for this thesis, as the dataset consists of firms from the S&P 500
index. S&P 500 firms operate within the same macroeconomic environment
and often face correlated shocks, such as interest rate adjustments, market-
wide sentiment movements, and/or sector-specific news. Consequently, it is
reasonable to expect correlation between companies across error terms.

To formally assess the presence of CSD, we employ Pesaran’s CSD test (Pe-
saran et al. 2004). The test evaluates the average pairwise correlation of resid-
uals from a panel model under the null hypothesis of cross-sectional indepen-
dence. We apply the test to the residuals of a FE model estimated in our panel
data set.

The results yield a test statistic of z = 137.79 with a p-value below
2.2 × 10−16, leading us to strongly reject the null hypothesis of cross-sectional
independence. Although a small number of firm pairs with limited temporal
overlap were omitted from the calculation (a common occurrence in unbalanced
panels), the test result remains robust and highly significant.

To address the presence of Cross-sectional dependence, we compute robust
standard errors clustered at the firm level throughout all panel regressions.
This correction accounts not only for heteroskedasticity and serial correlation
within firms but also for cross-sectional correlation of the residuals.

5.1.2 Heteroskedasticity

Heteroskedasticity arises when the variance of the error term differs across
cross-sectional units, violating a key assumption of the classical linear regression
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model. In a panel data setting, this typically reflects differences in firm-specific
risk profiles, operational scale, or industry volatility, which can lead to non-
constant residual variance across units.

To test for heteroskedasticity, we employ the Breusch-Pagan test (Breusch
& Pagan 1979), applied to the residuals of our FE model. The test checks
whether the variance of the residuals is systematically related to the explana-
tory variables. The test’s null hypothesis assumes homoskedasticity, while the
alternative hypothesis posits heteroskedasticity.

The test yields a Breusch − Pagan = 95.03 statistic with a p-value less
than 2.2 × 10−16, leading us to reject the null hypothesis at all conventional
significance levels. This result confirms the presence of heteroskedasticity in
our panel, which is not unexpected given the heterogeneity among S&P 500
firms.

We do not conduct further heteroskedasticity tests (i.e. a more high-level
White’s test) after obtaining strong evidence from the Breusch-Pagan test. In
response to this findinng, we rely on cluster-robust standard errors (clustered
at the firm level) throughout our analysis to correct for heteroskedasticity and
ensure valid inference. These estimators address heteroskedasticity at the firm
level while simultaneously controlling for serial correlation and cross-sectional
dependence.

5.1.3 Multicollinearity

Multicollinearity is when two or more explanatory variables in a regression
model are highly (linearly) correlated. While not violating the assumptions
of the classical linear regression model, multicollinearity can inflate the stan-
dard errors of the estimated coefficients, reduce statistical power, and make it
difficult to isolate the individual effects of the regressors.

To potentially identify the presence of multicollinearity, we compute the
VIF for all explanatory variables. VIF measures how much the variance of
an estimated regression coefficient increases due to collinearity. A VIF value
exceeding ten is typically seen as a sign of severe multicollinearity, while values
below five are generally considered unproblematic.

We estimate the VIF using a pooled OLS model. The results are presented
in Table 5.1. All VIF values fall well below the conventional threshold of five,
suggesting that multicollinearity is not a significant issue in this dataset.
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Table 5.1: Variance Inflation Factors (VIFs)

Variable VIF

ESG 1.04
lnAssets 1.18
BVPS 1.68
LTDTA 1.05
NIPS 1.46

5.1.4 Panel unit root

Testing for stationarity is crucial in panel data analysis to avoid spurious regres-
sion results. A non-stationary variable has a time-dependent mean or variance,
which can cause inflated R2 values and unreliable inference. The assessment
of stationarity becomes essential in macro-financial panels because firm valua-
tions and performance metrics tend to exhibit persistent trends and structural
breaks across time.

We assess the stationarity of our key variables using the panel version of the
ADF test. Per the null hypothesis of the test, all panels contain a unit root (i.e.,
the variables are non-stationary). At the same time, an alternative hypothesis
posits that at least some panels are stationary.

The results are presented in Table 5.2. All variables yield strongly negative
Dickey-Fuller statistics and p-values below the 1% threshold, leading us to
reject the null hypothesis of non-stationarity. This confirms that the variables
used in our models are stationary in levels and suitable for panel regression
analysis without needing transformation or differencing. This allows us to
preserve the long-run information contained in the level data while ensuring
that our inference remains valid and unaffected by stochastic trends.

Table 5.2: ADF results for variables

Variable Dickey-Fuller Statistic Lag Order P-Value
lag(log of share prices, 1) -17.691 26 < 0.01
lag(BVPS, 1) -17.519 26 < 0.01
lag(ESG, 1) -19.307 26 < 0.01
lag(LTDTA, 1) -18.901 26 < 0.01
lag(NIPS, 1) -18.508 26 < 0.01
lag(lnAssets, 1) -17.405 26 < 0.01
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5.1.5 Serial autocorrelation

Serial correlation, or autocorrelation, occurs when the error terms within a
panel are correlated across time. This violates the assumption of independently
distributed errors and can result in inefficient estimates and biased standard
errors, especially when analyzing time series or panel data that includes tem-
poral elements. In this context, where firm-level observations are structured
over time, serial correlation is a reasonable concern due to potential persistence
in firm-level shocks or omitted dynamic effects.

To test for the presence of first-order serial correlation, we employ
Wooldridge’s test for unobserved individual effects (Drukker 2003), which is
among the widely used and robust methods for detecting serial autocorrela-
tion in panel data models. Wooldridge’s test is particularly well-suited for our
analysis because it is simple to implement, does not require strongly balanced
panels, and is robust to heteroskedasticity and fixed effects. Furthermore, it
does not depend on asymptotic approximations involving large T, making it
ideal for such panels where the number of firms is large relative to the (time)
periods under examination. The test estimates a model in first differences and
then checks whether the lagged residuals from this differenced model correlate
with current residuals. This test detects autocorrelation in the idiosyncratic
error while accounting for unobserved fixed effects.

The test returns a z-statistic of 10.012 with a p-value below 2.2 × 10−16,
prompting us to reject the null hypothesis of no serial correlation. Hence, we
conclude that the dataset exhibits strong evidence of first-order autocorrelation
in panel residuals. In response, we compute standard errors robust to serial
correlation to correct this issue and ensure valid inference. Specifically, we rely
on cluster-robust standard errors at the firm level as described above, which
adjusts for arbitrary within-firm correlation over time.

5.2 Panel regression methods
This section presents the baseline empirical models used to investigate the gen-
eral relationship between ESG performance and firm valuation, directly testing
H1, that is - ESG performance has a positive and statistically significant effect on
company share prices. Model selection is guided by diagnostic testing, and all
regressions employ cluster-robust standard errors to account for cross-sectional
dependence, serial correlation, and heteroskedasticity.
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5.2.1 Baseline Models: Pooled OLS, Fixed Effects, Random
Effects and Model Selection

To study the link between ESG performance and company share prices, we
estimate three panel data models: a pooled OLS, a FE, and a RE specification.
This sequence not only captures the average relationship but also allows us
to address concerns in the literature about unobserved heterogeneity and the
underlying structure of the data. In fact, these models differ in how they
handle firm-level unobservable factors, which presents implications for bias and
consistency in the estimation. All panel models shown below, Pooled OLS, FE,
and RE, employ cluster-robust standard errors (clustered at the firm level) to
account for cross-sectional dependence, autocorrelation, and heteroskedasticity
identified in the prior section.

Pooled OLS. In the pooled OLS model, which assumes homogeneity across
firms and does not control for unobserved time-invariant firm characteristics,
all explanatory variables are statistically significant at the 1% level.

Table 5.3: Pooled OLS Regression Results

Variable Estimate Std. Error t-value Pr(>|t|)
Intercept 5.1936e+00 3.3068e-01 15.7058 <2.2e-16 ***
lag(BVPS, 1) 9.4826e-03 1.5157e-03 6.2561 4.324e-10 ***
lag(ESG, 1) 3.8123e-03 1.3606e-03 2.8019 0.0051 **
lag(LTDTA, 1) 4.3948e-01 1.6666e-01 2.6370 0.0084 **
lag(NIPS, 1) 5.5936e-02 8.3656e-03 6.6864 2.574e-11 ***
lag(lnAssets, 1) -1.0352e-01 1.8809e-02 -5.5038 3.928e-08 ***
Significance codes: *** p < 0.001, ** p < 0.01, * p < 0.05
R2 = 0.3841

The coefficient on lagged (by quarter) ESG is positive and significant
(β̂ = 0.0038, p < 0.01), suggesting an overall positive link between ESG perfor-
mance and firm valuation, ceteris paribus (all other things being equal). Firm
profitability, measured by lagged NIPS, is also strongly positively associated
with valuation (β̂ = 0.0559, p < 0.01), which is intuitive: more profitable
firms are more highly priced. BVPS exhibits a positive and significant coeffi-
cient (β̂ = 0.0095, p < 0.01), indicating that accounting fundamentals are also
priced in. Leverage, captured by LTDTA, is positively and significantly related
to firm value in this model (β̂ = 0.4395, p < 0.01), though this finding may
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be driven by sectoral differences or omitted variable bias. Interestingly, lagged
firm size (measured as log of total assets) has a statistically significant nega-
tive coefficient (β̂ = −0.1035, p < 0.01), which indicated that larger firms are
associated with lower valuations ceteris paribus. However, this sign may reflect
unobserved firm-specific characteristics that correlate negatively with size and
positively with valuation. This is precisely the type of bias that we expect FE

models will be able to address.
To enhance the robustness of the pooled OLS estimates, we re-estimate the

model by introducing year-fixed effects in the form of year dummies. This
adjustment accounts for unobserved macroeconomic shocks or market-wide de-
velopments, such as monetary policy changes, geopolitical events, or global
crises like COVID-19, that may simultaneously affect all firms in a given year.
The omission of time-specific effects could bias the coefficient estimates if the
omitted factors are correlated with our explanatory variables.

Table 5.4: Pooled OLS Regression with Year Dummies

Variable Estimate Std. Error t-value Pr(>|t|)
Intercept 5.2178 0.3296 15.8326 <2.2e-16 ***
lag(BVPS, 1) 0.0089 0.0014 6.1780 7.08e-10 ***
lag(ESG, 1) 0.0010 0.0015 0.6557 0.5120
lag(LTDTA, 1) 0.3757 0.1688 2.2262 0.0261 *
lag(NIPS, 1) 0.0530 0.0078 6.7798 1.364e-11 ***
lag(lnAssets, 1) -0.1104 0.0187 -5.9061 3.768e-09 ***
factor(Year)2014 0.1230 0.0111 11.0938 <2.2e-16 ***
factor(Year)2015 0.0923 0.0237 3.8873 0.0001 ***
factor(Year)2016 0.1664 0.0256 6.4920 9.411e-11 ***
factor(Year)2017 0.3298 0.0286 11.5242 <2.2e-16 ***
factor(Year)2018 0.1933 0.0344 5.6158 2.077e-08 ***
factor(Year)2019 0.4203 0.0387 10.8593 <2.2e-16 ***
factor(Year)2020 0.5614 0.0461 12.1746 <2.2e-16 ***
factor(Year)2021 0.6086 0.0515 11.8273 <2.2e-16 ***
factor(Year)2022 0.4429 0.0450 9.8471 <2.2e-16 ***
factor(Year)2023 0.4576 0.1035 4.4234 9.952e-06 ***
Significance codes: *** p < 0.001, ** p < 0.01, * p < 0.05
R2 = 0.4314

The model with year dummies, reported in Table 5.4, yields several notable
insights. First, the inclusion of time effects significantly improves model fit (vs.
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the baseline Pooled OLS shown in table 5.3), leading to an increase of R2 from
0.384 to 0.431. This confirms that year-specific effects can explain a sizable
portion of the variation in firm valuation.

Second, while the coefficients for lagged BVPS, LTDTA, NIPS, and firm size
maintain their statistical significance and directional consistency with the base-
line pooled model, the coefficient of lagged ESG becomes statistically insignif-
icant (β̂ = 0.00096, p = 0.512). This attenuation suggests that the previously
observed ESG effect may be partially driven by (perhaps macro-level) time
trends, possibly reflecting a general investor sentiment, shifting toward sus-
tainability - something that increased valuations across the wide array of ESG

committed firms. In essence, once we account for such standard shocks through
time dummies, the marginal valuation benefit of ESG performance diminishes
in the Pooled OLS model.

This result demonstrates the importance of accounting for both firm-level
and time-level heterogeneity. It also motivates our shift to FE estimation,
which allows us to control not only for time shocks (via dummies and cluster-
robust standard errors clustered at the firm level) but also for unobserved,
time-invariant firm-specific characteristics.

Table 5.5: Fixed Effects Regression Results

Variable Estimate Std. Error t-value Pr(>|t|)
lag(BVPS, 1) -1.0209e-03 1.4864e-03 -0.6868 0.4922
lag(ESG, 1) 5.0753e-03 8.6844e-04 5.8442 5.504e-09 ***
lag(LTDTA, 1) -1.0756e-01 2.0809e-01 -0.5169 0.6053
lag(NIPS, 1) 2.5428e-02 4.9168e-03 5.1716 2.436e-07 ***
lag(lnAssets, 1) 6.3284e-01 5.5683e-02 11.3651 <2.2e-16 ***
Significance codes: *** p < 0.001, ** p < 0.01, * p < 0.05
R2 = 0.4555, Adjusted R2 = 0.3910

Fixed Effects model. The primary econometric motivation for using the FE

estimator is that it eliminates unobserved time-invariant firm-specific hetero-
geneity, which may be correlated with the regressors, especially ESG. Put
simply, companies differ systematically in ways that are difficult to observe
(e.g., managerial quality, firm culture, long-term strategy, etc.), and if these
characteristics influence both ESG behavior and market valuation, which we
suppose do, failing to account for them introduces omitted variable bias. The
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FE model controls for such heterogeneity by demeaning each firm’s data over
time, using within-firm variation to estimate coefficients. This helps mitigate
endogeneity concerns stemming from the correlation between unobserved firm
traits and the regressors, particularly relevant for ESG, which may be both a
cause and consequence of company share prices.

Table 5.6: Fixed Effects Regression with Year Dummies

Variable Estimate Std. Error t-value Pr(>|t|)
lag(BVPS, 1) -2.1840e-03 1.3516e-03 -1.6158 0.1062
lag(ESG, 1) 1.0113e-03 9.3375e-04 1.0830 0.2789
lag(LTDTA, 1) -4.7409e-01 2.0349e-01 -2.3297 0.0199 *
lag(NIPS, 1) 2.0525e-02 4.2074e-03 4.8783 1.113e-06 ***
lag(lnAssets, 1) 4.0832e-01 5.1783e-02 7.8852 4.039e-15 ***
factor(Year)2014 1.0515e-01 9.8357e-03 10.6911 <2.2e-16 ***
factor(Year)2015 7.4146e-02 1.8948e-02 3.9131 9.266e-05 ***
factor(Year)2016 1.5710e-01 2.1344e-02 7.3605 2.220e-13 ***
factor(Year)2017 3.0144e-01 2.5189e-02 11.9671 <2.2e-16 ***
factor(Year)2018 1.7667e-01 2.9323e-02 6.0248 1.849e-09 ***
factor(Year)2019 3.8367e-01 3.4114e-02 11.2470 <2.2e-16 ***
factor(Year)2020 4.5713e-01 4.0258e-02 11.3551 <2.2e-16 ***
factor(Year)2021 5.9105e-01 4.4012e-02 13.4294 <2.2e-16 ***
factor(Year)2022 4.3260e-01 4.2936e-02 10.0755 <2.2e-16 ***
factor(Year)2023 5.0204e-01 7.9588e-02 6.3079 3.142e-10 ***
Significance codes: *** p < 0.001, ** p < 0.01, * p < 0.05
R2 = 0.5550, Adjusted R2 = 0.5011

In our baseline FE model, the sign on the firm size coefficient flips (vs.
both Pooled OLS model results shown above): lagged logarithm of assets is
now strongly positively associated with logarithm of company share prices
(β̂ = 0.6328, p < 0.01). This suggests that unobserved, time-invariant com-
pany traits are correlated with the company size, and hence, they bias the
pooled OLS estimates downward. The FE models correct this, revealing a pos-
itive within-firm relationship between size and share price. Furthermore, ESG

remains statistically significant and becomes even more impactful (β̂ = 0.0051,
p < 0.01). Profitability (NIPS) continues to display a strong positive effect
(β̂ = 0.0254, p < 0.01), while BVPS becomes statistically insignificant. The
loss of significance on BVPS may indicate that most of its explanatory power is
absorbed by the firm fixed effects, as BVPS tends to be relatively stable within
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firms over time. Leverage, which was positively signed in the pooled models
above, now turns negative but remains insignificant (β̂ = −0.1076, p = 0.61),
demonstrating that its effect is neither robust nor stable across specifications.

Next, we include year-fixed effects in the FE specification. This adjustment
allows us to isolate the within-firm variation more precisely, ensuring that the
estimated coefficients are not conflated with broader market or economy-wide
dynamics.

The results in Table 5.6 show several notable changes compared to the base-
line FE model. The coefficient on lagged firm size remains positive and highly
significant (β̂ = 0.4083, p < 0.001), but its magnitude has substantially reduced
compared to the specification without year dummies. Intuitively, this indicates
that a portion of the positive valuation premium previously attributed to firm
size may have been confounded by common time trends (e.g., industry-wide
growth). Similarly, the coefficient on lagged NIPS remains positive and statis-
tically significant (β̂ = 0.0205, p < 0.001), further validating the importance of
firm profitability in market valuation.

Interestingly, the ESG coefficient, while still positive, becomes statistically
insignificant (β̂ = 0.0010, p = 0.279) once year dummies are introduced. This
is precisely what happened to the Pooled OLS specification after the inclusion of
time dummies. This indicates that the variation in ESG performance that was
previously associated with valuation might, in part, reflect broader temporal
dynamics, such as increasing investor attention to ESG over time or policy-
driven ESG disclosure incentives. A similar decline in significance is observed
for BVPS, which remains negative but statistically insignificant.

Table 5.7: Random Effects Regression Results

Variable Estimate Std. Error t-value Pr(>|t|)
Intercept -7.3456e-01 5.5477e-01 -1.3241 0.1855
lag(BVPS, 1) 5.7608e-03 1.2637e-03 4.5587 5.288e-06 ***
lag(ESG, 1) 6.7642e-03 8.7678e-04 7.7148 1.489e-14 ***
lag(LTDTA, 1) 2.5468e-01 1.9392e-01 1.3133 0.1892
lag(NIPS, 1) 2.7381e-02 4.7380e-03 5.7791 8.029e-09 ***
lag(lnAssets, 1) 2.5493e-01 3.5365e-02 7.2086 6.625e-13 ***
Significance codes: *** p < 0.001, ** p < 0.01, * p < 0.05
R2 = 0.3451, Adjusted R2 = 0.3444

Including time-fixed effects substantially increases explanatory power, with
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the model’s R2 improving from 0.456 to 0.555. This validates the inclusion of
year dummies as a robustness enhancement and confirms that common tempo-
ral factors drive a substantial portion of the variation in firm valuation.

Table 5.8: Random Effects Regression with Year Dummies

Variable Estimate Std. Error t-value Pr(>|t|)
Intercept 1.4587e+00 4.9979e-01 2.9186 0.0035 **
lag(BVPS, 1) 2.6849e-03 1.1701e-03 2.2945 0.0218 *
lag(ESG, 1) 1.2794e-03 9.3108e-04 1.3742 0.1695
lag(LTDTA, 1) -2.0535e-01 1.8778e-01 -1.0936 0.2742
lag(NIPS, 1) 2.1250e-02 3.8514e-03 5.5175 3.638e-08 ***
lag(lnAssets, 1) 1.3754e-01 3.1316e-02 4.3922 1.149e-05 ***
factor(Year)2014 1.1720e-01 9.4788e-03 12.3642 <2.2e-16 ***
factor(Year)2015 8.4497e-02 1.8456e-02 4.5784 4.816e-06 ***
factor(Year)2016 1.7825e-01 2.0317e-02 8.7735 <2.2e-16 ***
factor(Year)2017 3.3705e-01 2.3739e-02 14.1985 <2.2e-16 ***
factor(Year)2018 2.2188e-01 2.7538e-02 8.0571 9.986e-16 ***
factor(Year)2019 4.4727e-01 3.1748e-02 14.0881 <2.2e-16 ***
factor(Year)2020 5.3863e-01 3.8230e-02 14.0891 <2.2e-16 ***
factor(Year)2021 6.8022e-01 4.0932e-02 16.6185 <2.2e-16 ***
factor(Year)2022 5.2767e-01 3.7586e-02 14.0390 <2.2e-16 ***
factor(Year)2023 6.0721e-01 8.0901e-02 7.5056 7.365e-14 ***
Significance codes: *** p < 0.001, ** p < 0.01, * p < 0.05
R2 = 0.4905, Adjusted R2 = 0.4888

Random Effects model. Next, we estimate the RE model. In the RE model,
ESG remains positive and highly significant (β̂ = 0.0068, p < 0.01), as do NIPS

and logarithm of assets. The sign on BVPS remains positive and significant,
similar to the baseline pooled OLS results. These results are intuitive, as the
RE model partially pools variation across and within firms.

To further assess the robustness of the RE model, we re-estimate the specifi-
cation by introducing year dummies - see Table 5.8. Following this adjustment,
ESG is no longer statistically significant (β̂ = 0.0013, p = 0.17) as in Pooled
acOLS and acFE models above. The coefficient on BVPS remains positive and
now becomes marginally significant (β̂ = 0.0027, p < 0.05), while the coefficient
on leverage remains negative and insignificant.
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Profitability, measured by lagged NIPS, keeps its strong and significant posi-
tive association with firm value (β̂ = 0.0213, p < 0.001), and firm size continues
to exhibit a statistically significant positive effect (β̂ = 0.1375, p < 0.001), al-
though smaller in magnitude compared to the FE specification.

The model’s explanatory power improves substantially by adding time dum-
mies: the R2 increases from 0.345 in the baseline RE model to 0.491.

Hausman test. As mentioned above, the key distinction between FE and RE

models is how each treats unobserved heterogeneity. We take that unobserved
heterogeneity is a fact in this dataset and hence proceed with choosing between
the FE and RE model (not Pooled OLS) while acknowledging that making a
correct choice between the two is important to ensure consistent and unbiased
estimates.

Table 5.9: Fixed Effects Regression with ESG and ESG2 Terms

Variable Estimate Std. Error t-value Pr(>|t|)
lag(ESG, 1) 5.7019e-03 3.4028e-03 1.6757 0.0939 .
lag(ESG2, 1) -4.3293e-05 2.9648e-05 -1.4602 0.1443
lag(BVPS, 1) -2.1429e-03 1.3578e-03 -1.5783 0.1146
lag(LTDTA, 1) -4.7588e-01 2.0419e-01 -2.3306 0.0198 *
lag(NIPS, 1) 2.0434e-02 4.2140e-03 4.8491 1.288e-06 ***
lag(lnAssets, 1) 4.0088e-01 5.1294e-02 7.8152 6.996e-15 ***
factor(Year)2014 1.0473e-01 9.8760e-03 10.6042 <2.2e-16 ***
factor(Year)2015 7.3117e-02 1.9055e-02 3.8372 0.0001 ***
factor(Year)2016 1.5550e-01 2.1530e-02 7.2223 6.111e-13 ***
factor(Year)2017 3.0034e-01 2.5295e-02 11.8735 <2.2e-16 ***
factor(Year)2018 1.7578e-01 2.9384e-02 5.9822 2.398e-09 ***
factor(Year)2019 3.8298e-01 3.4218e-02 11.1924 <2.2e-16 ***
factor(Year)2020 4.5728e-01 4.0308e-02 11.3446 <2.2e-16 ***
factor(Year)2021 5.9190e-01 4.4029e-02 13.4434 <2.2e-16 ***
factor(Year)2022 4.3107e-01 4.3127e-02 9.9954 <2.2e-16 ***
factor(Year)2023 5.0176e-01 7.9549e-02 6.3075 3.151e-10 ***
Significance codes: *** p < 0.001, ** p < 0.01, * p < 0.05, . p < 0.1
R2 = 0.556, Adjusted R2 = 0.502

The FE model allows for correlation between the unobserved firm-specific
effects and the explanatory variables, effectively removing all time-invariant
firm-level heterogeneity by de-meaning the data. This is especially relevant
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in our thesis, as we employ accounting variables, which are likely to correlate
with hard-to-observe characteristics like managerial quality, reputation, or firm
culture - variables that are constant over time but have a potential to influence
both ESG performance and firm valuation. As such, the FE model is typically
used to partially address endogeneity concerns by eliminating bias from time-
invariant unobserved confounders. In contrast, the RE model assumes that the
unobserved firm-specific effects are uncorrelated with the regressors, which per-
mits the inclusion of time-invariant variables but at the cost of a stronger and
often unrealistic assumption. If this assumption does not hold, we will conclude
that the FE model is a better choice despite its more restrictive structure.

To formally elect the appropriate model for our dataset, we run a Hausman
test, which empirically compares the consistency of the two estimators. A
significant test result favors the FE model, suggesting that the RE assumption of
no correlation between individual effects and regressors is violated. We conduct
the Hausman test on two specifications: the baseline models (without year-fixed
effects) and those with time-fixed effects. In both cases, the results strongly
reject the null hypothesis in favor of the FE model. For the baseline models,
the test returns a chi-squared statistic of 1161.1 with 5 degrees of freedom and
a p-value below 0.001. When year dummies are added, the test remains in
favor of the FE model, with a chi-squared statistic of 748.01 and 15 degrees of
freedom. These results confirm that unobserved firm-specific heterogeneity is
indeed correlated with the explanatory variables, and thus, the FE estimator is
a better choice for our analysis.

Having tested baseline Pooled OLS, FE and RE models, we can now turn to
H1, which posited a positive link between ESG performance and company share
prices. While baseline models (Pooled OLS and FE without year-fixed effects,
not RE) suggest a significant positive association, the effect loses statistical
significance once time dummies are introduced, indicating that much of the
relationship may be driven by time-varying factors. Therefore, we reject H1.

5.2.2 Exploring heterogeneity

The baseline FE model with year dummies reveals that the direct effect of ESG

performance on firm valuation becomes statistically insignificant once both
time-invariant firm heterogeneity is controlled for. This attenuation suggests
that the relationship between ESG and valuation may not be uniformly homo-
geneous across firms. Accordingly, we extend the baseline model to explore
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potential heterogeneous effects that may be masked in an average-effect speci-
fication. Specifically, we investigate three key extensions.

First, we examine whether the ESG-share price relationship exhibits a non-
linear pattern by introducing a squared ESG term. This approach will enable
us to test H2: The relationship between ESG performance and company share
prices exhibits an inverted U-shaped pattern.

Next, we test H3, which examines whether ESG efforts are valued differently
depending on firm size, that is - The effect of ESG performance on company
share prices is significantly moderated by firm size, with smaller firms experi-
encing a stronger ESG - CFP relationship compared to larger firms.

Finally, we consider industry-specific ESG effects by interacting ESG with
industry dummies to test H4: The impact of ESG performance on firm valuation
significantly differs across industry sectors.

These extensions aim to clarify under what conditions ESG matters and
for whom, contributing to a more nuanced understanding of ESG’s financial
relevance beyond average effects.

Non-linearity: ESG and ESG2 To better understand the shape of the rela-
tionship between ESG performance and company share prices, we extend the
baseline FE model with year dummies by adding a squared term of lagged ESG

score. This extension allows us to test for diminishing or reversing marginal
returns to ESG performance, an inverted U-shaped relationship suggested in
prior literature.

Table 5.9 presents the estimation results. Interestingly, the ESG coefficient
regains marginal significance (β̂ = 0.0057, p < 0.10), while the squared ESG

term is negative but statistically insignificant (β̂ = −0.000043, p = 0.14).
These results contrast with the baseline FE model with year dummies (Ta-
ble 5.6), in which the ESG coefficient was positive but not significant (β̂ =
0.0010, p = 0.28). The reappearance of significance suggests that imposing a
strictly linear effect may obscure underlying curvature in the ESG - share price
relationship.

Although the squared ESG term displays the hypothesized negative sign, it is
statistically insignificant. This means we cannot confirm the inverted U-shaped
relationship. Therefore, H2 is rejected. While the direction of the coefficient
is consistent with the proposed curvature, suggesting that very high levels of
ESG might yield diminishing returns, there is insufficient statistical evidence to
support this claim.
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Table 5.10: FE Model with ESG and ESG × Firm Size Interactions

Variable Estimate Std. Error t-value Pr(>|t|)
ESG 0.0450 0.0097 4.6566 < 0.001 ***
ESG × lnAssets -0.0026 0.0006 -4.7128 < 0.001 ***
lnAssets 0.5018 0.0518 9.6790 < 0.001 ***
BVPS -0.0016 0.0014 -1.1569 0.2474
LTDTA -0.4741 0.2061 -2.3003 0.0215 *
NIPS 0.0200 0.0041 4.8655 < 0.001 ***
Year Fixed Effects Yes
R2 0.564

Size moderation: ESG and ESG2 interacted with firm size To assess
whether the relevance of ESG performance concerning company share prices
varies systematically across companies of different sizes, we extend the baseline
model to include interaction terms between ESG and firm size, measured as the
logarithm of total assets. The first specification includes a linear interaction
between ESG and size, while the second further incorporates a quadratic ESG

term and its interaction with size. The results are presented in Tables 5.10
and 5.11 respectively.

In the first interaction model (Table 5.10), the coefficient of ESG is large and
highly significant (β̂ = 0.0450, p < 0.001), but the interaction term is signifi-
cantly negative (β̂ = −0.0026, p < 0.001), indicating that the marginal effect of
ESG on close prices diminishes with firm size. In other words, ESG performance
is rewarded more in smaller firms, in line with the idea that ESG signals are
more informative for such companies. This finding contrasts those of previous
specifications without interaction terms, where ESG was either insignificant or
only marginally significant, suggesting that the average ESG effect may mask
important heterogeneity across firms of different sizes.

A more nuanced pattern emerges when we introduce the quadratic ESG term
and its interaction with size. The ESG coefficient stays statistically significant
and increases in magnitude (β̂ = 0.1177, p = 0.0023), and the ESG2 term is
now marginally significant and negative (β̂ = −0.00071, p = 0.057), suggesting
a potential inverted-U shaped relationship between ESG and share prices. Im-
portantly, the negative ESG-size interaction is again significant (β̂ = −0.0071,
p = 0.002), and the ESG2-size interaction emerges as marginally positive
(β̂ = 0.0000436, p = 0.051). These results imply that not only does ESG val-
uation relevance decline with size but that the curvature of the ESG-valuation
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relationship may differ by firm scale: small firms may exhibit increasing re-
turns to ESG up to a point. In contrast, larger firms may show flatter or even
declining marginal effects.

Compared to the baseline model with only ESG and ESG2, the inclusion
of size interactions improves interpretability and highlights substantial hetero-
geneity that was previously not apparent. Notably, the explanatory power of
these models is slightly higher, with R2 increasing from 0.555 in the quadratic
baseline model to 0.564 in the fully interacted version. Evidence from interac-
tion terms supports H3, confirming that ESG effects vary by firm size.

Table 5.11: FE Model with ESG, ESG2, and Size Interactions

Variable Estimate Std. Error t-value Pr(>|t|)
ESG 0.1177 0.0386 3.0467 0.0023 **
ESG2 -0.00071 0.00037 -1.9011 0.0574 .
ESG × lnAssets -0.0071 0.0023 -3.0292 0.0025 **
ESG2 × lnAssets 0.00004 0.00002 1.9557 0.0506 .
lnAssets 0.5992 0.0648 9.2464 < 0.001 ***
BVPS -0.0016 0.0014 -1.1506 0.2500
LTDTA -0.4706 0.2066 -2.2781 0.0228 *
NIPS 0.0201 0.0041 4.8899 < 0.001 ***
Year Fixed Effects Yes
R2 0.565

Industry heterogeneity: ESG effects across sectors We examine whether
the valuation relevance of corporate ESG performance varies systematically
across industries by interacting the lagged ESG score with industry dummies
based on ICB sector classifications. This approach allows the marginal effect
of ESG to vary by industry, capturing structural differences in how investors
perceive sustainability in different sectors.

The results (table 5.12) reveal significant heterogeneity. The base ESG

coefficient (i.e., the effect in the excluded industry category) is statistically
insignificant, indicating no general ESG effect across all firms. Nevertheless,
several industry-specific interactions exhibit significance. Notably, the ESG

and Energy sector interaction has a statistically significant negative coefficient
(β̂ = −0.0139, p < 0.001), indicating that corporate ESG performance may be
penalized in the energy sector. Intuitively, this can be due to perceived green-
washing or skepticism about ESG credibility in carbon-intensive industries. In
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Table 5.12: FE Model with ESG × Industry Interactions

Variable Estimate Std. Error t-value Pr(>|t|)
ESG -0.0010 0.0026 -0.394 0.693
ESG × Consumer Discretionary -0.0006 0.0037 -0.155 0.877
ESG × Consumer Staples 0.0026 0.0030 0.865 0.387
ESG × Energy -0.0139 0.0041 -3.414 0.001 ***
ESG × Financials 0.0000 0.0033 0.009 0.993
ESG × Health Care 0.0074 0.0032 2.306 0.021 *
ESG × Industrials 0.0043 0.0028 1.516 0.130
ESG × Real Estate -0.0057 0.0034 -1.693 0.091 .
ESG × Technology 0.0104 0.0036 2.880 0.004 **
ESG × Telecommunications 0.0029 0.0040 0.736 0.462
ESG × Utilities 0.0028 0.0042 0.665 0.506
BVPS -0.0022 0.0013 -1.695 0.090 .
LTDTA -0.4585 0.2044 -2.243 0.025 *
NIPS 0.0197 0.0040 4.956 < 0.001 ***
lnAssets 0.3935 0.0506 7.780 < 0.001 ***
Year Fixed Effects Yes
R2 0.577

contrast, interactions are significantly positive in Health Care (β̂ = 0.0074,
p = 0.021) and Technology (β̂ = 0.0104, p = 0.004), indicating that ESG

signals are valued more in these sectors, perhaps due to more substantial align-
ment between ESG values and industry identity. The interaction term yields
non-significant coefficients in the remaining sectors, which are Consumer Dis-
cretionary, Consumer Staples, Financials, Industrials, Real Estate, Telecom-
munications, and Utilities. Although the Real Estate interaction is marginally
negative (p = 0.09). These results indicate that ESG’s effect on company share
prices is not uniform: it is heightened in sectors where sustainability is more
important or reputationally sensitive and muted or even penalized in sectors
where ESG disclosures can be more contentious or not in alignment with indus-
try profile.

Compared to our earlier size interaction models, the industry model achieves
a slightly higher R2 (0.577), indicating a modestly improved explanatory power.
However, it has to be noted that in contrast to size - which moderates ESG

effects continuously - industry moderates them categorically. Sectoral interac-
tions provide support for H4, with ESG showing statistically significant hetero-
geneity across industries. These findings further illustrate that the ESG-CFP

link is context-dependent: both endogenous firm-specific characteristics like
size and exogenous factors like sector shape how ESG signals are valued in fi-
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nancial markets. In addition, evaluating the sectoral differences has been a
valuable endeavor, as we expect that investors are not only guided by company
financials such as profitability and ROAE but also by industry specialization.
In other words, different sectors likely attract different investor bases, each
with their perceptions about the relevance of ESG factors in the industry of
their interest. Hence, it aligns with our intuition that market reactions to ESG

signals vary across industries.

5.2.3 Summary of results

This thesis tests four hypotheses regarding the relationship between ESG per-
formance and CFP, as proxied by company share prices.

First, H1 posits that ESG performance has a positive and statistically signif-
icant effect on firm valuation. Baseline pooled OLS, FE, and RE models initially
suggest a positive association; however, once year-fixed effects are introduced
to account for time-varying shocks, the coefficient on ESG becomes statistically
insignificant across specifications. Therefore, we reject H1.

Second, H2 tests for a non-linear, inverted U-shaped relationship between
ESG and share prices by introducing a squared ESG term. Although the squared
term is negative as hypothesized, it fails to attain statistical significance, leading
us to reject H2.

Third, H3 examines whether firm size moderates the ESG-CFP link. By
interacting ESG variables with firm size, we find strong evidence that ESG per-
formance has a greater positive effect among smaller firms. The ESG-size in-
teraction term is significantly negative across specifications, supporting H3.

Finally, H4 explores whether the impact of ESG performance varies by indus-
tries. Results from models with ESG-industry interaction terms show significant
sectoral heterogeneity: ESG is valued positively in the Health Care and Tech-
nology sectors but negatively in Energy. In contrast, in other sectors, it is not
statistically significant. These findings strongly support H4.

The results highlight that the ESG-CFP relationship is not uniform but de-
pends critically on firm-specific and sector-specific contexts.

5.3 Robustness tests
In order to validate the findings of the earlier models, we conduct two robust-
ness checks. First, given that all our independent variables are lagged by one
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quarter, we re-test our findings using alternative lag structures - no lag and
two-quarter lags - to evaluate whether our choice of lag has biased the results.
Given that a quarter lag was used in every single model presented earlier, this
approach will help verify the stability of our findings across all four hypotheses
while also providing insights into how long it takes for ESG signals to be "priced-
in" on the market. Secondly, motivated to validate our earlier findings on the
ESG-firm size interaction (H3), we split the sample into small and large firms
to confirm whether the observed size-related heterogeneity persists in separate
estimations.

5.3.1 Alternative Lag Specification

To evaluate the robustness of our core findings to the timing of explanatory vari-
ables, we re-estimate the FE model with year dummies under three alternative
lag specifications: no lag, one-quarter lag (our baseline), and two-quarter lag.
Across all three specifications, the coefficient on ESG remains small, positive,
and statistically insignificant. However, its magnitude increases slightly with
longer lags (from 0.00098 at no lag to 0.00119 at two-quarter lag). While not
statistically meaningful, such a gradual increase may hint that capital markets
do not immediately price ESG signals but incorporate them gradually. How-
ever, the wide p-values (0.29, 0.28, and 0.21, respectively) do not support any
conclusive inference about the timing of market response to ESG scores.

Table 5.13: Comparison of FE Regression Results with Different Lag
Structures

Variable No Lag 1-Quarter Lag 2-Quarter Lag
ESG 0.00098 0.00101 0.00119
BVPS -0.00208 -0.00218 -0.00203
LTDTA -0.4241* -0.4741* -0.4457*
NIPS 0.0206*** 0.0205*** 0.0201***
lnAssets 0.4143*** 0.4083*** 0.3968***
R2 0.5592 0.5550 0.5503
Adjusted R2 0.5058 0.5011 0.4957

The control variables demonstrate consistency between different lag struc-
tures. Profitability (NIPS) maintains its statistically significant positive rela-
tionship with share prices across all models with coefficients close to 0.0205
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and p-values lower than 0.001. The coefficient for firm size (logarithm of as-
sets) shows positive significance across all models but decreases slightly with
each additional lag from 0.414 (no lag) to 0.396 (two lags). The slight down-
ward trend in size coefficients across lags indicates a possible dynamic relation-
ship between size and share prices of distant fundamentals. Leverage (LTDTA)
produces significant negative coefficients in all specifications, supporting its
importance. The BVPS exhibits negative and statistically insignificant results
across all models with minimal changes in its coefficient values and p-values,
indicating no significant impact on valuation when firm FE is included.

The explanatory power of the models, as measured by the adjusted R-
squared, remains stable across all three lag structures - 0.506 (no lag), 0.501
(1 lag), and 0.496 (2 lags). This consistency affirms that the model’s capacity
to explain variation in firm valuation is not sensitive to whether financial char-
acteristics are lagged by 0, 1, or 2 quarters. In addition, given that we find
no variation in statistical significance or directions of any variables indicates
that our earlier findings on the ESG-CFP link were not a result of arbitrary lag
choices.

In conclusion, this exercise provides a valuable robustness check, confirming
that our key conclusions, especially the weak and unstable role of ESG in driving
firm share prices on its own, are not sensitive to temporal specification. It also
lends support to the idea that ESG effects, if present, are more structural than
short-term or event-driven. Investors may react to long-term sustainability
trajectories rather than quarterly ESG updates, and the model’s stability across
lags helps validate that interpretation.

5.3.2 Subsample Analysis by Firm Size

We conduct a split-sample analysis to validate the heterogeneity observed in
the ESG-size interaction model, estimating the full specification separately for
small and large firms (split at the median of lagged firm size). The results
(presented in table 5.14) reveal an important insight.

Among small firms, ESG is strongly positively associated with valuation
(β̂ = 0.0896, p < 0.001), and the ESG-size interaction remains significantly neg-
ative, confirming that ESG’s marginal effect diminishes with firm size. In con-
trast, the ESG coefficient in large firms is minor and insignificant (β̂ = 0.0186,
p = 0.10), with the interaction term also losing statistical significance. These
findings validate our earlier conclusion that ESG’s relevance is not uniform
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Table 5.14: Fixed Effects Regression with ESG × Size Interaction -
Split by Firm Size

Variable Small Firms Large Firms
ESG 0.0896*** 0.0186
lnAssets 0.6668*** 0.2996***
ESG × lnAssets -0.0057*** -0.0010
BVPS -0.0066*** 0.0029***
LTDTA -0.6193*** -0.2223.
NIPS 0.0274*** 0.0154***
Year Fixed Effects Yes Yes
Adjusted R2 0.630 0.327
Significance codes: *** p < 0.001, ** p < 0.01, * p < 0.05, . p < 0.1

across firm sizes: it appears to be most impactful in smaller firms, where
ESG efforts may be viewed as more differentiated, credible, and/or informa-
tive. Moreover, the adjusted R2 is substantially higher for small firms (0.63 vs.
0.33 for larger firms), illustrating that ESG explains more within-firm variation
in share prices among these firms. These findings verify the baseline interaction
model and offer robustness against potential concerns that our findings might
be driven by outliers or skewed by firm size composition in the sample.

5.4 Discussion and limitations
This thesis uses panel data methods to explore the relationship between cor-
porate ESG performance and company shares prices. The analysis begins with
standard panel regression approaches, Pooled OLS, FE, and RE, to establish
baseline results. The Pooled OLS model initially suggested a positive associ-
ation between ESG and firm valuation; however, this relationship notably di-
minished upon introducing year-fixed effects. This development demonstrates
that ESG’s positive effect on share prices might be (to some extent) driven by
broader temporal factors, such as increasing investor interest in ESG, macroe-
conomic factors influencing market valuations, etc. In addition, the FE model,
which has been preferred over the RE model based on the Hausman test results,
yielded similar results. While the baseline FE specification returned a positive
and significant ESG coefficient, the effect turned insignificant after the inclusion
of year dummies. Given this, H1, which proposed an overall positive ESG-share
price link, is only weakly supported and ultimately cannot be confirmed when
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time effects are fully accounted for. These findings suggest that we cannot say
that overall, robust ESG performance results in improved share price perfor-
mance. Observed ESG-share price relationship may broadly reflect unobserved
temporal or market-wide shocks rather than firm-specific ESG initiatives per
se.

The robustness checks discussed earlier, particularly the alternative lag
structure tests, confirmed the stability of our main findings. The consistently
insignificant ESG coefficients across no-lag, one-quarter, and two-quarter lag
structures suggest that the overall weak relationship between ESG and CFP

is consistent across different assumptions about market reaction speed. While
statistical insignificance prevents a strong conclusion, the slightly increasing co-
efficient magnitude across lags hints that investors might gradually incorporate
ESG information rather than responding immediately.

The thesis explored potential heterogeneity by testing the quadratic ESG

terms. While this specification revealed a potential diminishing marginal ef-
fect of ESG, the quadratic term’s insignificance prevented definitive conclusions.
Therefore, we reject H2, which posited an inverted U-shaped relationship. It
should be noted that the direction of coefficients suggests that non-linear pat-
terns may exist and further exploration in future work is warranted.

Clear evidence of heterogeneity emerged after incorporating firm-size inter-
actions. ESG performance exhibited more significance for smaller firms, where
ESG initiatives may be perceived as more strategically differentiated. This find-
ing was further confirmed through our split-sample analysis, which showed that
ESG valuation effects were strongly positive among smaller firms and weak or
non-existent among larger counterparts. Given that smaller firms are less likely
to have the capacity to prioritize ESG unless they are genuinely committed to
the cause, we hypothesize that their ESG signals, once emitted, are more potent
and differentiated on the market. Based on these findings, we do not reject H3.

Our industry-specific interactions add more nuance, revealing substantial
heterogeneity in the relevance of ESG’s valuation across sectors. In the En-
ergy sector, high ESG performance is penalized, while in the technology and
healthcare sectors, ESG tends to reward company share prices. These industry-
specific findings emphasize ESG’s contextual valuation, which differs not only
by firm size but also by industry dynamics and stakeholder expectations. The
significance of these effects supports H4, and therefore we do not reject this
hypothesis.

Overall, this thesis contributes to the existing literature by demonstrating
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that average ESG valuation effects mask substantial heterogeneity introduced
by firm size and industry contexts. The analysis reveals that ESG initiatives
appear particularly rewarding for smaller firms and for firms operating in the
healthcare and technology sectors. In contrast, the benefits may be less evident
or even reversed in larger firms or firms operating in the energy sector.

Our application of FE, robustness checks, and non-linear interaction models
methodologically addresses typical endogeneity concerns, providing a clearer
picture of ESG’s financial implications. These findings reveal the circumstances
in which ESG activities can be linked to CFP. On the other hand, this em-
pirical analysis has several notable limitations. While FE controls effectively
for unobserved firm-specific traits that remain constant over time, they do
not fully resolve issues related to endogeneity from time-varying omitted vari-
ables or reverse causality. For instance, it is plausible that higher firm valu-
ations enable more substantial ESG investments rather than ESG investments
solely driving firm valuation. Advanced econometric techniques such as in-
strumental variables, dynamic panel models (e.g., Arellano-Bond estimators),
or quasi-experimental setups (like difference-in-differences analyses) could pro-
vide stronger causality tests and further mitigate endogeneity concerns.

Therefore, although our results demonstrate robust and informative find-
ings, they should be viewed as associations rather than direct causal effects.
Future research using more advanced econometric methods can help improve
our current understanding. This thesis provides practical insights about firm
size and industry characteristics that affect ESG impacts while establishing a
foundation for future research that should use methods designed to uncover
causal inference.



Chapter 6

Conclusion

This thesis investigated the relationship between corporate ESG performance
and CFP, a topic that remains timely and contested within academic and in-
vestor circles. While previous literature has offered a broad spectrum of find-
ings, ranging from positive to negative to non-linear and even insignificant
relationships, this study aimed to clarify heterogeneity in the link using panel
data of S&P 500 firms between 2013 and 2023.

The analysis employed FE panel regression models, supplemented by pooled
OLS and RE estimations, to investigate both the average effect of ESG on share
price and the conditions under which this relationship varies. We paid particu-
lar attention to potential non-linearities (Hypothesis 2), firm size as a modera-
tor (Hypothesis 3), and sectoral heterogeneity (Hypothesis 4), reflecting recent
methodological shifts in the ESG-CFP literature toward more contextual and
conditional modeling.

The findings of this empirical analysis are nuanced. At the aggregate, once
time-fixed effects were introduced, ESG performance did not exhibit a statis-
tically significant impact on share price. Although the direction of the ESG2

coefficient supported the possibility of diminishing returns to ESG investment,
we were unable to verify this hypothesis given the statistical insignificance of the
term. Robust evidence emerged that smaller firms experienced more substan-
tial share price gains from ESG performance, and the effect of ESG performance
varied considerably across industries. Specifically, ESG was more positively as-
sociated with valuation in technology and healthcare sectors and negatively in
energy sector.

These results contribute to the literature in three ways. First, they challenge
the assumption of an overall positive ESG-CFP relationship by showing that
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time-related, firm-size-level and sector-specific contexts matter deeply. Second,
the study uses quarterly lagged ESG data and controls for firm- and time-fixed
effects to more accurately model real-world investor behavior. Finally, this
analysis provides a more nuanced understanding of when, how, and for whom
ESG performance translates into financial value.

Future research could build on these findings by exploring causality through
more advanced methods such as IVs, DiDs, or event studies. Incorporating
forward-looking financial indicators and investor sentiment metrics could also
enhance understanding of how ESG is "priced in" in capital markets. Addition-
ally, extending the analysis to non-US markets or integrating alternative ESG

data sources may help extend the generalizability of the results.
In conclusion, this empirical analysis confirms that while robust ESG perfor-

mance does not universally drive ESG, as measured by company share prices,
they can serve as a material signal under the right conditions, particularly for
smaller companies, and for companies operating in sectors where sustainability
better aligns with stakeholder expectations.
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