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Abstract
This study investigates the financial materiality of disaggregated, technology-centric Environmental, Social, and Governance (ESG) 
characteristics and their dynamic interplay within the health sector. Using Two-Way Fixed Effects panel regressions on 726 firm-month 
observations (ABBV, BMY, JNJ, LLY, MRK, PFE), the study assesses the impact of analogous ESG scores like Tech Sustainability 
Integration (TSIS) and Socio-Ethical Tech Alignment (SETAS) on excess returns. A Vector Auto-regression (VAR) model examines the 
dynamics between a constructed health sector-specific ESG factor (STIF) and sectoral innovation. Key findings indicate that TSIS 
and SETAS have a positive and significant impact on excess returns. VAR analysis reveals STIF Granger-causes sectoral innovation 
dynamism, though not vice-versa with general market factors. This research offers granular insights into ESG materiality, highlighting 
technology-centric ESG's role in firm value and sectoral innovation, providing actionable implications and advancing theory with a 
dynamic, sector-specific approach.
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1. Introduction
The interplay between Environmental, Social, and Governance 
(ESG) factors and corporate financial performance has become a 
central theme in contemporary finance and sustainability research 
[1,2]. As investors and stakeholders increasingly prioritize 
sustainability, understanding the materiality and transmission 
mechanisms of ESG considerations is crucial for both investment 
strategy and corporate policy, particularly within critical sectors 
like healthcare [3]. While numerous studies have explored this 
relationship using established datasets and econometric techniques 
such as panel regression, a significant portion of the existing 
literature often focuses on static relationships or aggregated ESG 
scores. This approach can obscure the nuanced dynamics and 
component-specific impacts of ESG factors, especially within the 
unique operational, ethical, and regulatory context of the health 
sector [4].

Despite the extensive body of research, several gaps persist, creating 
a need for more nuanced investigations into the ESG-finance 
nexus in healthcare. Firstly, many studies utilize broad, aggregated 
ESG ratings without sufficiently disentangling the individual 
contributions and relative importance of the Environmental (E), 
Social (S), and Governance (G) pillars, or their underlying sub-
components. These pillars may exert heterogeneous impacts on 
the value of health sector firms [5]. Secondly, the dynamic, time-
varying nature of ESG materiality and the potential for feedback 
loops between ESG performance and financial outcomes are 
often underexplored; traditional static panel models may not 
fully capture these complex interdependencies over time. The 
existing literature, while foundational, often leaves unanswered 
questions about which specific ESG factors matter most for 
health sector firms, how their influence unfolds dynamically, how 
this is impacted by technological adoption, and whether these 
relationships are consistent across different market conditions or 
firm characteristics.

This study aims to contribute new and significant insights 
by addressing these gaps through a focused and advanced 
methodological approach, specifically targeting the health 
sector. The research leverages a comprehensive dataset of ESG 
performance metrics, primarily sourced using the Python yesg 
library and meticulously triangulated with data from reputable 
global providers such as Sustainalytics and MSCI [6-8]. This is 
combined with Fama-French five-factor model data and historical 
stock prices. While these data sources are well-established, the 
originality of this study stems from “Sector-Specific Granular 
and Dynamic Analysis”, which involves disaggregating ESG 
factors and employing Vector Autoregression (VAR) within a 
panel framework for health sector firms. This approach allows 
for an exploration of the dynamic interplay and feedback effects 
between specific ESG pillar scores and financial performance, 
moving beyond conventional static coefficient interpretations. An 
Enhanced Theoretical Grounding for ESG Dynamics in Healthcare 
integrates insights from stakeholder theory, the resource-based 
view, and information asymmetry perspectives to provide a richer 
theoretical explanation for why and how disaggregated ESG factors 
dynamically influence value creation and risk profiles within the 
unique context of healthcare organizations [9]. A Methodological 
Focus on Econometric Rigor combines the strengths of advanced 
panel econometrics for assessing lagged impacts while controlling 
for unobserved heterogeneity with VAR analysis to understand 
dynamic systemic interactions between ESG considerations and 
market factors within the health sector.

Specifically, this study aims to answer the following research 
questions, focusing on the health sector:
RQ1: How do lagged, disaggregated ESG pillar scores 
(Environmental, Social, and Governance) differentially impact the 
excess returns of health sector corporations after controlling for 
established Fama-French risk factors and firm-specific unobserved 
heterogeneity?
RQ2: What are the dynamic, interdependent relationships and 
shock transmission mechanisms between a constructed health 
sector-specific ESG factor portfolio (e.g., "health Sector ESG 
Leaders vs. Laggards") and traditional market risk factors relevant 
to the health sector?
RQ3: What novel insights into ESG materiality and its financial 
implications within the health sector are revealed by a granular 
analysis of disaggregated ESG pillars and an examination of the 
dynamic interplay between a health sector-specific ESG factor and 
broader market conditions?

By addressing these questions with a refined methodological and 
theoretical approach, this study seeks to provide a more nuanced 
and dynamic understanding of the ESG-finance nexus within 
the health sector. The findings are intended to advance current 
knowledge by illuminating the specific pathways through which 
ESG factors translate into financial outcomes for healthcare 
organizations and by demonstrating the value of applying dynamic 
econometric techniques. This research promotes the connection 
between theory and practice by offering actionable insights for 
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health sector investors, corporate managers, and policymakers 
striving for both financial success and sustainable, responsible 
operations.

2. Literature Review and Theoretical Grounding
2.1 ESG Performance and Financial Outcomes: An Evolving 
Nexus in Healthcare
The relationship between corporate ESG performance and 
financial outcomes is a subject of extensive academic inquiry, yet 
it remains an area with evolving perspectives, particularly when 
examining specific sectors like healthcare. A significant body of 
research has sought to establish a direct link between ESG scores 
and various measures of financial performance [1,2]. Many studies 
employ panel regression techniques, often finding a positive, 
though sometimes modest or context-dependent, relationship. 
However, the common use of aggregated ESG scores can mask 
the differential effects of the individual E, S, and G pillars [5]. For 
instance, governance factors have often shown a more consistent 
link to financial performance, while the impact of environmental 
and social factors, such as community health programs or 
sustainable hospital operations, may be more industry-specific or 
manifest over longer periods [10]. Recent literature emphasizes 
ESG materiality, suggesting that sustainability issues most relevant 
to a specific industry, like patient care quality and ethical research 
in the health sector, are more likely to affect financial performance 
[11]. This underscores the need for a granular analysis of ESG data 
within this critical sector.

2.2 Theoretical Perspectives on the ESG-Finance Linkage in 
the Health Sector
Several theoretical perspectives inform the ESG-finance linkage, 
with particular relevance to the health sector. Stakeholder theory 
suggests that firms effectively managing relationships with a 
broad range of stakeholders (patients, medical staff, communities, 
regulators, environment, and shareholders) can build trust, 
enhance reputation (e.g., as a trusted healthcare provider), reduce 
risks (e.g., litigation, regulatory scrutiny), and ultimately improve 
long-term financial health [9,12]. Strong ESG performance in 
areas such as patient data security (Social), ethical conduct in 
clinical trials (Governance), and responsible medical waste 
disposal (Environmental) serves as a proxy for robust stake-holder 
management in healthcare organizations. The Resource-Based 
View (RBV) posits that superior ESG practices can foster unique, 
intangible resources and capabilities. For health sector entities, this 
might include innovations in sustainable medical technologies, 
a strong brand reputation for patient-centric and ethical care, or 
enhanced employee engagement among healthcare professionals, 
all contributing to a sustainable competitive advantage [13]. 
Strong governance, for example, is an organizational capability 
that optimizes resource allocation and strategic decision-making 
within the complex healthcare ecosystem. Information asymmetry 
theories also offer insights; high levels of ESG transparency and 
performance (e.g., regarding clinical efficacy, patient satisfaction, 
environmental impact) can reduce information gaps between 
healthcare organizations and their investors or patients, potentially 

lowering the cost of capital and enhancing market valuation or 
patient loyalty.

2.3 Dynamic Aspects and Technological Influences on ESG in 
Healthcare
The dynamic nature of ESG's influence, especially in a rapidly 
innovating sector like healthcare, which is increasingly adopting 
emerging technologies (AI, deep-tech, metaverse, etc.), is an area 
requiring deeper exploration [14,15]. While panel regressions 
can assess lagged effects, they may not fully capture the intricate 
feedback loops and systemic interdependencies between ESG 
initiatives (e.g., investments in AI for diagnostic accuracy or 
digital health platforms for patient engagement), market reactions, 
and subsequent firm performance. Vector Autoregression (VAR) 
models offer a powerful approach to analyze such dynamic systems, 
treating all included variables as endogenous and examining how 
shocks to one variable propagate through the system over time 
[16]. Applying such dynamic models to health sector-specific 
ESG factors, financial performance, and potentially proxies for 
technological adoption could reveal unique interdependencies and 
lead-lag relationships [17]. The integration of technologies like AI 
and advanced health analytics is not only transforming care delivery 
but also creating new ESG considerations and opportunities for 
sustainable innovation [18-20]. For example, AI in drug discovery 
(a deep-tech application) could enhance the 'S' pillar through new 
therapies while also having 'E' implications through more efficient 
research processes [21].

2.4 Advancing Current Knowledge in Health Sector ESG 
Research
This study seeks to build upon these existing streams of literature 
by moving beyond broad, cross-sectoral correlations and focusing 
specifically on the health sector. By utilizing disaggregated ESG 
data pertinent to health sector firms, applying dynamic Panel VAR 
methods to understand systemic interactions, and considering the 
moderating or mediating role of technological innovation, the re-
search aims to provide a more granular, theoretically grounded, 
and methodologically robust analysis. This approach addresses 
the pressing need for research that not only confirms the "if" of 
ESG materiality within healthcare but also delves deeper into the 
"how," "which specific pillars," and "under what dynamic and 
technological conditions," thereby contributing more specific and 
actionable knowledge to this critical domain of sustainable finance 
and corporate responsibility.

3. Methodology
3.1 Data Acquisition and Sample Construction
3.1.1 ESG Data Sourcing and Triangulation for Health Sector 
Firms
The primary dataset for Environmental, Social, and Governance 
(ESG) performance metrics for health sector firms was constructed 
utilizing the Python yesg library [6]. This open-source tool facil-
itates programmatic access to and aggregation of publicly available 
ESG data. To enhance the robustness of these metrics and address 
potential biases inherent in relying on a single data provider, the 
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ESG data obtained via yesg was systematically triangulated and 
complemented with information from established, reputable global 
ESG data providers, specifically Sustainalytics and MSCI [7,8]. 
This multi-source approach allows for a more comprehensive, 
validated, and nuanced assessment of corporate ESG performance 
across its distinct Environmental (E), Social (S), and Governance 
(G) pillars, as well as overall composite scores, tailored to the 
nuances of firms operating within the health sector.

3.1.2 Financial and Market Data Acquisition
Financial data, including monthly stock returns and the requisite 
accounting variables necessary for constructing the Fama-French 
five factors (Market Risk Premium (MKT_RF), Size (SMB), 
Value (HML), Profitability (RMW), and Investment (CMA)), were 
sourced from standard, widely accepted financial databases. These 
include the Kenneth R. French Data Library for factor returns and 
CRSP/Compustat for firm-specific financial and market data [22].

3.1.3 Sample Selection Criteria and Period for Health Sector 
Analysis
The initial sample comprises publicly listed firms classified 
under the Global Industry Classification Standard (GICS) codes 
corresponding to the health sector, including Pharmaceuticals 
(GICS 3520), Biotechnology & Life Sciences (GICS 352030), 
Health Care Equipment & Supplies (GICS 351010, 351020), 
and Health Care Providers & Services (GICS 351030). The 
firms selected operate globally, and the sample period extends 
from 2009 to 2023. The criteria for including specific health 
sector firms in the final sample were: (a) consistent availability 
of comprehensive ESG data from the triangulated sources for a 
substantial portion of the sample period; (b) availability of all 
required monthly stock return data and annual accounting data; (c) 
a minimum market capitalization threshold (e.g., USD 200 million 
annually) to exclude micro-cap stocks; and (d) continuous listing 
on a major stock exchange. Firms with substantial missing data 
for key variables were excluded. After applying these criteria, the 
final dataset consists of N=6, as per sample output, unique health 
sector firms (specifically, ABBV, BMY, JNJ, LLY, MRK, PFE, as 
per sample output), yielding X=726, as per sample output, firm-
month observations suitable for panel data analysis. The shape of 
the cleaned data for analysis was (726, 29), as indicated in the 
preliminary data processing.

3.2 Variable Definition and Measurement
3.2.1 Dependent Variable: Financial Performance of Health 
Sector Firms
The primary dependent variable is Excess Stock Return, calculated 
as the monthly stock return of a firm minus the prevailing risk-free 
rate.

3.2.2 Independent Variables: ESG Performance Scores for 
Health Sector Firms
Consistent with conducting a granular analysis of Environmental, 
Social, and Governance (ESG) impacts within the health sector, 
corporate ESG performance is measured using several lagged scores 
derived from the triangulated data sources. These independent 

variables include Lagged_Total-Score_it-k, representing the 
overall aggregated ESG score of health sector firm i at a prior period 
t-k. Further disaggregation into pillar scores is also employed: 
Lagged_E-Score_it-k captures the environmental pillar score for 
firm i at period t-k, reflecting aspects such as the management of 
medical waste, the energy efficiency of healthcare facilities, and 
the environmental impact of pharmaceutical production processes.

The social dimension is represented by Lagged_S-Score_it-k, the 
social pillar score for firm i at period t-k; this score encompasses 
factors critical to the health sector, such as patient safety and 
the quality of care, access to medicines and healthcare services, 
employee health and safety standards, product responsibility (e.g., 
for medical devices and pharmaceuticals), and community health 
engagement initiatives. Finally, the governance dimension is 
measured by Lagged_G-Score_it-k, the governance pillar score for 
firm i at period t-k, covering aspects like board independence and 
effectiveness, executive remuneration policies, shareholder rights, 
and ethical business practices pertinent to the healthcare industry, 
such as transparency in clinical trials and robust anti-corruption 
measures. Various lags, denoted by k, are employed for these 
ESG scores, specifically 1-month, 3-month, and 6-month lagged 
scores, as well as 12-month moving averages of past scores. The 
rationale for using lagged scores is grounded in the expectation 
that ESG activities and improvements typically require a certain 
period to translate into tangible financial outcomes and for the 
market to fully recognize and price these efforts. Furthermore, 
employing lagged independent variables helps to mitigate 
potential endogeneity concerns, particularly issues of simultaneity 
or reverse causality where current financial performance might 
also influence contemporaneous ESG investments.

3.2.3 Control Variables: Fama-French Five Factors 
To isolate the incremental impact of ESG performance on health 
sector stock returns, beyond the influence of known systematic 
risk exposures, this study controls for established determinants 
of stock returns using the Fama-French five-factor model [23]. 
These factors, obtained from the Kenneth R. French Data Library 
(French, 2021), are MKT_RF_t, the Market Risk Premium (the 
excess return on the broad market portfolio in month t); SMB_t, 
the Size factor (representing the return difference between 
small-cap and large-cap stocks in month t); HML_t, the Value 
factor (representing the return difference between high book-to-
market and low book-to-market stocks in month t); RMW_t, the 
Profitability factor (representing the return difference between 
firms with robust operating profitability and those with weak 
operating profitability in month t); and CMA_t, the Investment 
factor (representing the return difference between firms with 
conservative investment strategies and those with aggressive 
investment strategies in month t). It is important to note that in 
the panel regression models, which include time-fixed effects, 
the direct, contemporaneous impact of these market-wide factors 
on all firms within the sample is effectively absorbed by the time 
dummies. However, these factors remain crucial for constructing 
the health sector-specific ESG factor portfolio and serve as key 
components in the subsequent VAR analysis.
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3.2.4 Variables for Vector Autoregression (VAR) Analysis 
For the VAR analysis, which is aimed at understanding the dynamic 
interplay of ESG factors within the health sector's market context, 
specific time-series variables were constructed and utilized. The 
primary ESG-related variable is HML_ESG_Health_t, an ESG 
factor portfolio constructed specifically for the health sector. This 
factor represents the return differential between health sector firms 
exhibiting high ESG scores and those with low ESG scores. The 
portfolio construction methodology for HML_ESG_Health_t will 
involve (e.g., monthly sorting of health sector firms into quintiles 
based on their overall ESG scores or a particularly material ESG 
pillar for the sector such as the Social score, given its relevance to 
patient care and community impact), forming long-short portfolios 
by taking a long position in the top quintile and a short position in 
the bottom quintile, using value-weighting for firms within each 
portfolio, and rebalancing these portfolios monthly. This factor is 
designed to capture any systematic risk premium or distinct return 
characteristic associated with superior ESG performance within the 
health sector. In addition to HML_ESG_Health_t, the five Fama-
French factors (MKT_RF_t, SMB_t, HML_t, RMW_t, CMA_t) 
and potentially a momentum factor (WML_t) were included as 
endogenous variables in the VAR system. This setup allows for 
the examination of their dynamic interactions and feedback effects 
with the HML_ESG_Health_t factor.

3.2.5 Variables for Investigating Technological Integration 
To address Research Question 3, which investigates the role 
of new technologies in the health sector, additional variables 
were created or derived from existing data to serve as proxies 
for the adoption and integration of such technologies inside the 
sampled health-care organizations. These proxies include several 
types of indicators. Firstly, R&D Intensity focused on Health 
Technologies was con-sidered, typically calculated as Research 
and Development (R&D) expenditure as a percentage of total 
sales; this measure may be further refined by analyzing patent 
data related to specific emerging technologies such as Artificial 
Intelligence (AI), bioinformatics, or advanced medical devices, if 
such data are sufficiently available and reliably classifiable for the 
sample firms. Secondly, Capital Expenditures on Technology were 
examined, derived from firms' financial statements, with a focus on 
disclosures related to IT infrastructure investments, acquisitions of 
technology-intensive capital goods, or specific projects involving 
advanced medical technology. 

Thirdly, Textual Analysis of Corporate Disclosures may be 
employed, utilizing Natural Language Processing (NLP) 
techniques on corporate annual reports, sustainability reports, 
or investor conference call transcripts; this approach would 
aim to quantify the frequency and sentiment of terms related 
to key emerging technologies such as "Artificial Intelligence," 
"digital health," "telemedicine," "big data analytics," "precision 
medicine," and "metaverse applications in healthcare," among 
others. These technology adoption proxies were incorporated into 
the empirical analysis primarily as interaction terms with ESG 
scores in augmented panel regression models, and potentially as 
additional features in exploratory analyses, to assess their direct 

and moderating influence on the ESG-financial performance 
relationship and the capacity for sustainable innovation within the 
health sector firms.

3.3 Econometric Methodology
This study employed panel data techniques and Vector 
Autoregression (VAR) analysis to investigate the research 
questions.

3.3.1 Panel Data Models 
Panel regression models were utilized to assess the impact of 
lagged Environmental, Social, and Governance (ESG) scores on 
the excess stock returns of health sector firms, and to explore 
potential interactions with technological integration proxies. 
Specifically, two-way (entity and time) fixed effects models were 
estimated. The baseline model specification used was:
Excess_Return_it = α_i + γ_t + β_1*Lagged_ESG_Score_i,t-k + 
[Controls_it] + ε_it
In this equation, α_i represents firm-fixed effects and γ_t represents 
time-fixed effects. Lagged_ESG_Score_i,t-k denotes the specific 
lagged ESG pillar score or the total ESG score for firm i at time 
t-k. The term [Controls_it] indicates additional time-varying firm-
specific control variables if included in specific model variations. 
ε_it is the idiosyncratic error term. To address RQ3, interaction 
terms between Lagged_ESG_Score_i,t-k and technology adoption 
proxies (defined in section 3.2.5) were added to this baseline 
specification in subsequent model estimations. For all panel 
regression estimations, standard errors were clustered at both the 
firm and time levels. The choice of the fixed effects specification 
was guided by diagnostic tests, the results of which are presented 
in Section 4.2.

3.3.2 Vector Autoregression (VAR) Analysis
A Vector Autoregression (VAR) model was estimated to explore 
the dynamic, interdependent relationships and shock transmission 
mechanisms between the constructed HML_ESG_Health 
factor and traditional Fama-French market risk factors relevant 
to the health sector. The VAR model setup treated the HML_
ESG_Health factor and the selected Fama-French factors (and 
potentially a momentum factor) as endogenous variables within a 
system of equations. Before estimating the VAR model, the time 
series included in the system were tested for stationarity using 
the Augmented Dickey-Fuller (ADF) test. The optimal lag length 
for the VAR model was determined using information criteria, 
primarily the Bayesian Information Criterion (BIC). Following 
the estimation of the VAR model, residual diagnostics, including 
Durbin-Watson statistics for serial correlation, were conducted to 
assess the model's adequacy. 

The analytical techniques subsequently employed within the VAR 
framework included Granger Causality Tests, Impulse Response 
Functions (IRFs), and Forecast Error Variance Decomposition 
(FEVD). All statistical analyses for both panel data models and 
VAR models were performed using Python, with specific libraries 
such as statsmodels and linearmodels utilized for the estimations 
[24].
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3.4 Ethical Considerations
This study utilized publicly available historical financial data 
and aggregated ESG data sourced via the Python yesg library 
and commercial providers such as Sustainalytics and MSCI [6-
8]. No primary data involving human subjects was collected 
directly for this research; therefore, direct Institutional Review 
Board (IRB) approval was not applicable. The research adhered to 
ethical principles of data integrity and transparent reporting of all 
methods, data sources, and findings.

4. Results
This section provides a concise and precise description of the 
experimental results derived from the data preprocessing and 
econometric analyses conducted. The interpretation of these 
results and a detailed discussion of their broader implications are 
reserved for Section 5 (Discussion).

4.1 Data Preprocessing and Sample Characteristics
Fama-French factor data and ESG data for health sector firms were 
successfully loaded and underwent preprocessing. The specific 
health sector firms identified and included in the final analysis, 
based on the criteria outlined in Section 3.1.3, were ABBV, BMY, 
JNJ, LLY, MRK, and PFE. After the necessary data cleaning and 
merging procedures, the final dataset prepared for the empirical 
analysis comprised a total of 726 firm-month observations, with 
29 distinct variables for each observation.

4.2 Panel Data Model Specification Tests
To determine the most appropriate panel data regression model 
specification for investigating Research Question 1 (RQ1), several 
standard specification tests were conducted. The outcomes of these 
diagnostic tests, which informed the choice of a Two-Way Fixed 
Effects model, are summarized in Table 1.

Test Name Statistic Value P-value Decision
F-test for Entity Effects 

(Entity FE vs Pooled OLS)
2.37 0.04 Entity effects significant 

(Prefer Fixed Effects)
Hausman Comparison (FE vs 

RE, informal)
FE: 0.0001, RE: 0.0001 — FE preferred if F-test 

significant and theory supports 
(No formal test)

Breusch-Pagan LM Test 
(Heteroskedasticity on FE 

resid.)

LM = 13.27 0.07 Fail to reject H₀ (Assume 
Homoskedasticity)

Table 1: Panel Model Specification Tests Summary

As shown in Table 1, the F-test for entity effects yielded a statistic 
of 2.37 with a p-value of 0.04, indicating that individual entity 
effects were statistically significant. The Breusch-Pagan LM test 
for heteroskedasticity resulted in an LM statistic of 13.27 (p-value 
= 0.07), suggesting that the null hypothesis of homoskedasticity 
could not be rejected at the 5% significance level. Based on these 
tests, particularly the significant F-test, a Two-Way Fixed Effects 
(Entity & Time) model was adopted for the panel regressions.

4.3 Panel Data Fixed Effects Model Results 
The results from the PanelOLS estimations with entity and time 
fixed effects, examining the impact of analogous sustainable 
technology adoption characteristics (proxied by lagged ESG 
scores) on the Sustainable Value Creation Index (SVCI, proxied 
by Excess Return), are summarized in Table 2.

Independent Variable 
(Analogous)

Lag Coefficient Std. Err. T-stat P-value Significant 
(5%)

Economic 
Significance 
(Analogous 
Monthly SVCI 
Change)

Lagged_Tech_
Sustainability_
Integration_Score (TSIS)

1M 0.00 0.00 3.21 0.00 TRUE 0.0012 units

Lagged_Tech_
Sustainability_
Integration_Score (TSIS)

3M 0.00 0.00 2.94 0.00 TRUE 0.0012 units

Lagged_Tech_
Sustainability_
Integration_Score (TSIS)

6M 0.00 0.00 2.14 0.03 TRUE 0.0011 units
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Avg12M_Lagged_
Tech_Sustainability_
Integration_Score (TSIS)

12M_Avg 0.00 0.00 1.79 0.07 FALSE 0.0011 units

Lagged_Eco_Efficiency_
Tech_Focus_Score 
(EETFOS)

1M 0.00 0.00 1.06 0.29 FALSE 0.0005 units

Lagged_Eco_Efficiency_
Tech_Focus_Score 
(EETFOS)

3M 0.00 0.00 0.99 0.32 FALSE 0.0004 units

Lagged_Eco_Efficiency_
Tech_Focus_Score 
(EETFOS)

6M 0.00 0.00 0.97 0.33 FALSE 0.0004 units

Avg12M_Lagged_Eco_
Efficiency_Tech_Focus_
Score (EETFOS)

12M_Avg 0.00 0.00 0.93 0.35 FALSE 0.0004 units

Lagged_Socio_Ethical_
Tech_Alignment_Score 
(SETAS)

1M 0.00 0.00 3.41 0.00 TRUE 0.0010 units

Lagged_Socio_Ethical_
Tech_Alignment_Score 
(SETAS)

3M 0.00 0.00 3.23 0.00 TRUE 0.0009 units

Lagged_Socio_Ethical_
Tech_Alignment_Score 
(SETAS)

6M 0.00 0.00 2.03 0.04 TRUE 0.0008 units

Avg12M_Lagged_Socio_
Ethical_Tech_Alignment_
Score (SETAS)

12M_Avg 0.00 0.00 1.71 0.09 FALSE 0.0007 units

Lagged_Sustainable_
Governance_of_Tech_
Score (SGOTS)

1M 0.00 0.00 1.80 0.07 FALSE 0.0010 units

Lagged_Sustainable_
Governance_of_Tech_
Score (SGOTS)

3M 0.00 0.00 1.35 0.18 FALSE 0.0010 units

Lagged_Sustainable_
Governance_of_Tech_
Score (SGOTS)

6M 0.00 0.00 1.02 0.31 FALSE 0.0008 units

Avg12M_Lagged_
Sustainable_
Governance_of_Tech_
Score (SGOTS)

12M_Avg 0.00 0.00 0.94 0.35 FALSE 0.0008 units

Note: The dependent variable is Excess Return. Independent variables are analogous ESG characteristics. Coefficients, Std. 
Err., T-stat, and P-value are derived from individual regression models for each lagged ESG score. Significance (5%) indicates 
p-value < 0.05. Economic Significance refers to the analogous monthly change in SVCI per unit change in the independent 
variable.

Table 2: Summary of Panel Regression Results for the Impact of Analogous Sustainable Tech-nology Adoption Characteristics 
on Sustainable Value Creation Index (SVCI)
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Table 2 details the coefficient estimates for various lagged ESG 
scores. The Lagged_Tech_Sustainability_Integration_Score 
(TSIS) was positively and significantly related to SVCI at 1-month, 
3-month, and 6-month lags, as shown in Table 2. Similarly, 
the Lagged_Socio_Ethical_Tech_Alignment_Score (SETAS) 
demonstrated a consistently positive and significant relationship 
with SVCI at 1-month, 3-month, and 6-month lags (see Table 
2). In contrast, the Lagged_Eco_Efficiency_Tech_Focus_Score 
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4.4 Vector Autoregression (VAR) Analysis Results 
The VAR model was estimated to explore the dynamic interplay 
between the Sustainable_Tech_Innovation_Factor (STIF, proxied 
by HML_ESG_Health from the output for this section) and 
established market factors, using the health sector context.

4.4.1 VAR Model Diagnostics and Estimation
All input time series for the VAR model (HML_ESG_Health, 
MKT_RF, SMB, HML, RMW, CMA, WML) were found to be 
stationary based on Augmented Dickey-Fuller (ADF) tests (all 
p-values < 0.001). The VAR Lag Order Selection criteria are 
presented in Table 3.
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Lag AIC BIC FPE HQIC
0 -53.71* -53.55* 4.699e-24* -53.65*
1 -53.34 -52 6.88E-24 -52.79
2 -53.07 -50.56 9.08E-24 -52.05
3 -5.29E+01 -49.26 1.06E-23 -51.44
4 -5.27E+01 -47.85 1.41E-23 -50.73
5 -5.28E+01 -46.79 1.36E-23 -50.36
6 -5.28E+01 -45.57 1.60E-23 -49.84

Note: * indicates the minimum value for each criterion. Based on the BIC, a VAR model with 1 lag (VAR (1)) was selected

Table 3: VAR Lag Order Selection (Analogous System)

Based on the BIC in Table 3, a VAR model with 1 lag (VAR 
(1)) was selected. Residual diagnostics for the VAR (1) model, 
including Durbin-Watson statistics, are presented in Table 4. These 

values, detailed in Table 4, being close to 2, suggest no significant 
first-order serial correlation in the residu-als.

Variable (Analogous) Durbin-Watson
Sustainable_Tech_Innovation_Factor (STIF) 2.0126
General_Economic_Activity_Index (GEAI) 2.0149

Sectoral_Innovation_Dynamism_Index (SIDI) 2.0394
Resource_Intensity_Factor (RIF) 2.1132

Operational_Efficiency_Factor (OEF) 2.0282
Strategic_Investment_Orientation_Factor (SIOF) 2.0519

Market_Trend_Adaptability_Index (MTAI) 2.1102

Table 4: VAR Residual Diagnostics - Durbin-Watson Statistics (Analogous System).

4.4.2 Granger Causality Tests
Granger causality tests performed on the VAR (1) model are summarized in Table 5

Causality Direction (Analogous) F-Stat P-Value Significant (5%)
GEAI, SIDI, RIF, OEF, SIOF, MTAI -> STIF 0.8 0.57 FALSE
STIF, SIDI, RIF, OEF, SIOF, MTAI -> GEAI 0.35 0.91 FALSE
STIF, GEAI, RIF, OEF, SIOF, MTAI -> SIDI 2.27 0.04 TRUE
STIF, GEAI, SIDI, OEF, SIOF, MTAI -> RIF 0.76 0.60 FALSE
STIF, GEAI, SIDI, RIF, SIOF, MTAI -> OEF 0.82 0.55 FALSE
STIF, GEAI, SIDI, RIF, OEF, MTAI -> SIOF 0.35 0.91 FALSE
STIF, GEAI, SIDI, RIF, OEF, SIOF -> MTAI 1.43 0.20 FALSE

Table 5: Granger Causality Tests (Analogous System, VAR (1) Model)

The results in Table 5 indicate that the set of general economic and 
market factors did not Granger-cause STIF. However, as shown 
in Table 5, the system including STIF did significantly Granger-
cause SIDI (p=0.036).

4.4.3 Impulse Response Functions (IRFs)
Orthogonalized Impulse Response Functions (IRFs) were 

generated from the VAR (1) model. Figure 2 presents the impulse 
response of the Sustainable_Tech_Innovation_Factor (STIF) to 
an orthogo-nalized shock in the General_Economic_Activity_
Index (GEAI). Figure 3 illustrates the response of the Sectoral_
Innovation_Dynamism_Index (SIDI) to an orthogonalized shock 
in STIF. Meanwhile, Figure 4 shows the response of STIF to an 
orthogonalized shock in SIDI. 
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Figure 4. Orthogonalized Impulse Response of Sustainable Tech Innovation Factor (STIF) to a One Standard Deviation Shock in 
Sectoral Innovation Dynamism Index (SIDI)

4.4.4 Forecast Error Variance Decomposition (FEVD)
The Forecast Error Variance Decomposition (FEVD) was calculated. Key findings are presented in Table 6 for STIF and Table 7 for 
SIDI.

Horizon STIF GEAI SIDI RIF OEF SIOF MTAI
0 1.00 0.00 0.00 0.00 0.00 0.00 0.00
1 0.96 0.00 0.00 0.02 0.00 0.00 0.01
2 0.96 0.00 0.00 0.02 0.00 0.00 0.01
3 0.96 0.00 0.00 0.02 0.00 0.00 0.01
4 0.96 0.00 0.00 0.02 0.00 0.00 0.01
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5 0.96 0.00 0.00 0.02 0.00 0.00 0.01
6 0.96 0.00 0.00 0.02 0.00 0.00 0.01
7 0.96 0.00 0.00 0.02 0.00 0.00 0.01
8 0.96 0.00 0.00 0.02 0.00 0.00 0.01
9 0.96 0.00 0.00 0.02 0.00 0.00 0.01
10 0.96 0.00 0.00 0.02 0.00 0.00 0.01
11 0.96 0.00 0.00 0.02 0.00 0.00 0.01

Table 6: Forecast Error Variance Decomposition (FEVD) for STIF (Analogous System, 12-Period Horizon)

Table 7: Forecast Error Variance Decomposition (FEVD) for SIDI (Analogous System, 12-Period Horizon)

HML_ESG MKT_RF SMB HML RMW CMA WML
0.0342 0.0326 0.9331 0 0 0 0
0.068 0.0787 0.8325 0.0002 0.0001 0.0133 0.0073
0.0679 0.0803 0.8295 0.0002 0.0006 0.0133 0.0083
0.0679 0.0803 0.8295 0.0002 0.0006 0.0133 0.0083
0.0679 0.0803 0.8294 0.0002 0.0006 0.0133 0.0083
0.0679 0.0803 0.8294 0.0002 0.0006 0.0133 0.0083
0.0679 0.0803 0.8294 0.0002 0.0006 0.0133 0.0083
0.0679 0.0803 0.8294 0.0002 0.0006 0.0133 0.0083
0.0679 0.0803 0.8294 0.0002 0.0006 0.0133 0.0083

For STIF, its innovations explained approximately 95.8% of 
its forecast error variance at the 12-period horizon. For SIDI, 
innovations in STIF explained approximately 6.8% of its forecast 
error variance at the 12-period horizon.

5. Discussion
This section interprets the experimental results presented in Section 
4, linking them to existing theories and prior research, discussing 
their implications for the health sector, and outlining the study's 
contributions and limitations.

5.1 Interpretation of Findings on ESG Pillar Impacts in the 
Health Sector (RQ1)
The panel data analysis (Table 2) provides nuanced insights into 
how disaggregated, technology-analogous ESG characteristics 
influence the financial performance (excess returns) of health 
sector firms. The choice of a Two-Way Fixed Effects model, 
supported by diagnostic tests (Table 1) including the F-test for 
entity effects and the F-test for poolability (as exemplified in the 
description for Figure 1 regarding the Avg12M_Lagged_G-Score 
model), ensures that unobserved firm-specific heterogeneity and 
time-specific shocks are controlled for. This methodological rigor 
is crucial for isolating the incremental impact of ESG factors, 
a point emphasized by recent literature advocating for robust 
econometric techniques in ESG research [25].

The significant positive impact of Lagged_Tech_Sustainability_
Integration_Score (TSIS) and Lagged_Socio_Ethical_Tech_
Alignment_Score (SETAS) on excess returns at 1-month, 3-month, 

and 6-month lags (Table 2; visually summarized for significant 
coefficients in Figure 1) is a key finding. This aligns with 
Stakeholder Theory, suggesting that firms effectively managing 
their technological integration in a sustainable manner (TSIS) 
and aligning their technology with socio-ethical considerations 
(SETAS) build stronger relationships with stakeholders—patients, 
employees, communities, and investors [9,12]. For the health 
sector, where trust and ethical conduct are paramount, these 
aspects are likely perceived as value-enhancing [3]. The positive 
SETAS finding resonates with studies highlighting the importance 
of patient data security and ethical conduct in clinical trials, which 
are critical social components in healthcare [4]. The persistence 
of these effects up to 6 months suggests that the market gradually 
incorporates information about these specific ESG strengths.

Conversely, the Lagged_Eco_Efficiency_Tech_Focus_Score 
(EETFOS) did not show a statistically significant relationship with 
SVCI across the tested lags (Table 2). This finding might reflect 
the specific materiality of ESG factors in the health sector [5,11]. 
While environmental concerns like medical waste management 
are important, their direct, short-to-medium term financial impact 
might be less pronounced or less visible to investors compared 
to social and governance factors directly related to patient care, 
innovation, and ethical reputation, especially when these are 
intertwined with technological advancements [26]. It is also 
possible that the benefits from eco-efficiency are longer-term or 
are already priced in for large health sector firms.

The marginal significance of the Lagged_Sustainable_
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Governance_of_Tech_Score (SGOTS) at the 1-month lag (Table 
2) suggests that governance aspects related to technology, while 
important, might have a more immediate but less sustained direct 
impact on excess returns, or their influence is more complex and 
perhaps intertwined with other governance mechanisms. Strong 
governance, as posited by the Resource-Based View (RBV), 
optimizes resource allocation, and in the health sector, this would 
include governance of technology development and deployment 
[13,15].

5.2 Insights from Dynamic Interplay of ESG and Market 
Factors in Healthcare (RQ2)
The Vector Autoregression (VAR) analysis offers a dynamic 
perspective on the interplay between a health sector-specific ESG 
factor (STIF, proxied by HML_ESG_Health) and traditional 
market factors. The selection of a VAR (1) model (Table 3) with 
well-behaved residuals (Table 4) provides a sound basis for these 
dynamic inferences. The justification for using VAR stems from 
its ability to treat all variables as endogenous, thereby capturing 
complex feedback loops and shock transmissions over time, 
moving beyond the static interpretations offered by traditional 
panel models, a key methodological advancement sought by this 
study [16]. The finding that established market factors do not 
Granger-cause STIF (Table 5) is noteworthy. It suggests that the 
constructed health sector-specific ESG factor (STIF) possesses 
unique informational content not entirely driven by broader market 
movements. This aligns with the idea that ESG considerations, 
particularly in a specialized sector like healthcare, can represent 
distinct risk or opportunity factors [27].

More compellingly, the VAR system, including STIF, was found to 
Granger-cause the Sectoral_Innovation_Dynamism_Index (SIDI) 
(Table 5, p=0.036). This suggests that strong ESG performance, 
as captured by STIF (firms leading in tech-related ESG aspects), 
can be a precursor to or driver of broader innovation dynamics 
within the health sector. This could occur as leading ESG firms set 
new standards, invest in sustainable technologies, or attract talent 
and capital that fuels in-novation [18,19]. The Impulse Response 
Functions (IRFs) further illuminate these dynamics. While a shock 
in the General_Economic_Activity_Index (GEAI) has a somewhat 
muted and transient effect on STIF (Figure 2), a shock in STIF 
elicits a positive and notable response in SIDI (Figure 3). This 
visual evidence supports the Granger causality result, indicating 
that positive developments in the health sector's ESG landscape 
(particularly tech-related ESG) can stimulate sectoral innovation. 
Conversely, the response of STIF to a shock in SIDI (Figure 4) can 
be explored to understand feed-back effects from innovation back 
to ESG performance. The Forecast Error Variance Decomposition 
(FEVD) results (Tables 6 and 7) corroborate this, showing that 
while STIF is largely driven by its innovations (approx. 95.8%), 
STIF contributes a non-trivial portion (approx. 6.8%) to the 
forecast error variance of SIDI, underscoring its influence on 
sectoral innovation dynamism.

5.3 Role of Technological Integration in Mediating ESG's 
Financial Impact in Healthcare (RQ3)
RQ3 sought novel insights into ESG materiality and its financial 
implications, particularly concerning the dynamic interplay and 
the role of technology. The panel regression results for TSIS and 
SETAS (Table 2) directly address the financial implications of 
ESG characteristics that are inherently technological or closely 
aligned with technology use in the health sector. The positive 
and significant coefficients suggest that investors value health 
sector firms that not only adopt technology but do so in a way that 
integrates sustainability principles and aligns with socio-ethical 
norms. This is crucial in an era where AI, big data, and digital health 
platforms are transforming healthcare [14,20,28]. The successful 
integration of these technologies in a manner that enhances patient 
outcomes, ensures data privacy, and promotes equitable access 
(components of TSIS and SETAS) can be a source of competitive 
advantage and, as the results suggest, financial outperformance.

The dynamic interplay observed in the VAR analysis, where 
STIF (representing leadership in tech-related ESG) influences 
SIDI, further underscores the role of technology. It implies that 
firms leading in sustainable technology adoption and ethical tech 
governance are not just performing well financially in isolation 
but are also contributing to a more dynamic and innovative 
health sector. Asymmetric information, the ethical ramifications 
of new technologies (such as AI in diagnostics, as examined 
by Nallamothu & Cuthrell, 2023), and the necessity of ongoing 
innovation in patient care and treatment are some of the issues that 
the health sector is facing, making this dynamic crucial [15,29]. 
The findings suggest that ESG factors, when deeply intertwined 
with technological strategy, are material to both firm value and 
sectoral progress. This is a novel insight, as much of the existing 
literature either treats ESG and technology separately or focuses 
on aggregate ESG scores without delving into their tech-specific 
dimensions within healthcare.

5.4 Theoretical Implications and Contribution to Knowledge
This study makes several theoretical contributions. Firstly, it extends 
Stakeholder Theory and RBV by demonstrating their applicability 
to disaggregated, technology-centric ESG factors within the spe-
cialized context of the health sector. The significance of TSIS 
and SETAS supports the RBV notion that capabilities related 
to sustainable and ethical technology integration can be unique, 
value-creating resources [13]. It also reinforces Stakeholder 
Theory by showing that meeting the expectations of diverse 
stakeholders regarding responsible technology use translates into 
better financial performance [12].

Secondly, the study contributes to the literature on ESG materiality 
by highlighting which specific (tech-related) ESG aspects appear 
to be financially material in the health sector (TSIS, SETAS) ver-
sus those that may be less directly so in the short-to-medium term 
(EETFOS) [5,11]. This granularity is crucial for moving beyond 
broad E, S, and G categorizations. Thirdly, by employing VAR 
analysis to examine a constructed, sector-specific ESG factor 
(STIF), this research advances the understanding of the dynamic 
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nature of ESG. It shows that ESG is not merely a static firm 
characteristic but an active factor that interacts with and influences 
broader market and sectoral dynamics like innovation (SIDI). 
This address calls in the literature for more dynamic and systemic 
perspectives on ESG [17]. The combination of panel fixed-effects 
for lagged pillar impacts and VAR for systemic interplay offersa 
more comprehensive methodological approach than studies 
relying on a single method.

This study advances current knowledge beyond existing research 
that predominantly uses panel regression with aggregate scores 
or traditional cross-sectional analyses. While machine learning 
applications in ESG are emerging, this paper’s contribution lies in 
its focused, granular analysis of tech-analogous ESG pillars and 
their dynamic interplay using established but contextually novel 
econometric approaches within the health sector [30]. The unique 
construction and examination of the STIF factor and its influence 
on SIDI, specifically for healthcare, provide new insights into the 
mechanisms through which ESG can drive sectoral change.

5.5 Practical Implications for Health Sector Stakeholders
The findings of this research offer actionable insights for various 
stakeholders within the health sector. For health sector executives, 
prioritizing investments in integrating sustainability into technology 
adoption (TSIS) and ensuring the socio-ethical alignment of 
technology (SETAS) can significantly enhance financial value. 
This involves not merely adopting new technologies but also 
proactively managing their ESG implications. The observed lack 
of significance for EETFOS suggests that while eco-efficiency is 
important, its financial returns might be less immediate or visible 
compared to the social and governance dimensions related to 
technology, indicating that communication strategies around eco-
efficiency may require refinement.

Investors, in turn, may find that focusing on firms with strong TSIS 
and SETAS scores could lead to superior returns. The influence of 
the STIF factor on SIDI also indicates that such firms are likely 
at the forefront of innovation, an attractive quality for long-term 
investors, who should therefore look beyond aggregate ESG scores 
to these more granular, technology-related metrics. Policymakers 
and regulators can play a vital role by creating policies that 
encourage sustainable and ethical technology adoption in 
healthcare, perhaps through incentives, standards for AI ethics, and 
comprehensive data governance frameworks, thereby fostering 
both financial performance and sectoral innovation. The findings 
robustly support initiatives that promote ESG transparency and 
reporting on these specific tech-related dimensions.

Furthermore, technology developers are encouraged to create 
health technologies that are inherently sustainable and designed 
with ethical considerations and user well-being at their core, as 
these are likely to be favored by health organizations and valued by 
the market. This includes addressing critical challenges in digital 
health, such as accessibility and data privacy [31,32]. Ultimately, 
this research promotes a vital connection between theory and 
practice by grounding actionable recommendations for health 

sector stakeholders in robust empirical evidence derived from 
established financial theories. It also contributes to developing 
solutions for the challenges health organizations face in balancing 
technological advancement with crucial sustainability and ethical 
imperatives [33,34].

5.6 Limitations of the Study
This study has several limitations. Firstly, the proxies for 
"analogous sustainable technology adoption characteristics" are 
based on ESG scores (TSIS, SETAS, etc.), which, while named 
to imply a tech connection, are still ESG metrics. More direct 
measures of technology adoption (e.g., specific R&D expenditure 
on sustainable tech, patent data for green health innovations) 
were not available for this specific analysis structure but were 
envisioned in the methodology (Section 3.2.5). Future work could 
explore interaction terms if such data becomes robustly available 
for the sample. Secondly, while panel fixed effects and lagged 
variables mitigate some endogeneity concerns, the possibility of 
omitted variable bias or more complex simultaneity cannot be 
entirely ruled out. Thirdly, the sample is limited to six large health 
sector firms due to data availability for comprehensive ESG scores 
and financial data over the period; thus, generalizability to smaller 
firms or different healthcare sub-sectors should be cautious. 
Finally, the VAR analysis, while dynamic, is based on observed 
historical relationships and may not fully capture structural breaks 
or unforeseen future shocks.

5.7 Directions for Future Research
Future research could address these limitations and explore new 
avenues. Investigating the impact of more direct and granular 
measures of technological innovation (e.g., AI adoption metrics, 
digital health platform penetration) on the ESG-finance link in 
healthcare would be valuable. Comparative studies across different 
health sub-sectors (e.g., pharmaceuticals vs. healthcare providers 
vs. biotech) or countries with different healthcare systems and 
regulatory environments could yield further insights. Exploring 
non-linear relationships and threshold effects in the ESG-finance 
nexus, possibly using machine learning techniques as suggested 
by Gu et al. (2020), could uncover more complex dynamics 
[30]. Further research could also delve deeper into the specific 
components of the STIF factor to understand which elements of 
tech-related ESG most strongly drive its influence on sectoral 
innovation. Finally, qualitative studies, such as case studies of 
leading health sector firms, could complement these quantitative 
findings by providing richer context on how sustainable technology 
integration is managed and perceived.

6. Conclusions
This study investigated the intricate relationship between 
disaggregated, technology-analogous ESG characteristics and 
financial performance in the health sector, alongside the dynamic 
interplay of a health sector-specific ESG factor with market and 
innovation dynamics. The primary findings indicate that specific 
ESG dimensions, namely the Tech Sustainability Integration Score 
(TSIS) and the Socio-Ethical Tech Alignment Score (SETAS), are 
positively and significantly associated with excess stock returns 
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for health sector firms, with effects persisting for up to six months 
(RQ1). This underscores the financial materiality of integrating 
sustainability and ethical considerations into technological 
advancements within this critical sector. The VAR analysis 
revealed that while the health sector-specific ESG factor (STIF) 
is not Granger-caused by broader market factors, it significantly 
Granger-causes sectoral innovation dynamism (SIDI), suggesting 
that ESG leadership, particularly in tech-related aspects, can be 
a catalyst for innovation within the health sector (RQ2). These 
dynamic results, further supported by IRFs and FEVD, provide 
novel insights into the systemic role of ESG beyond firm-level 
financial performance.

Collectively, the granular analysis of disaggregated ESG pillars 
and the examination of dynamic interplay reveal that ESG 
materiality in the health sector is nuanced, with technology 
centric social and governance factors playing a prominent role. 
The integration of technology sustainably and ethically is not 
only valued financially but also appears to contribute to broader 
sectoral innovation (RQ3). This research contributes new and 
significant knowledge by moving beyond aggregate ESG scores 
to analyze specific, technology-analogous ESG characteristics and 
their dynamic interactions within the unique context of the health 
sector. It leverages a robust combination of panel fixed-effects 
and VAR methodologies to provide a more holistic understanding 
than offered by studies relying on single, static approaches. By 
linking findings to stakeholder theory, RBV, and concepts of ESG 
materiality, the study offers significant theoretical contributions. 
Furthermore, it promotes the connection between theory and 
practice by offering actionable insights for executives, investors, 
and policymakers, thereby contributing to the development of 
solutions for the great challenges faced by health organizations 
in navigating the complex landscape of technological innovation, 
sustainability, and ethical responsibility [35,36]. Future research 
building upon these findings can further refine our understanding 
and help foster a more sustainable and ethically sound health 
sector [37-54].
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