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Abstract

This study investigates the financial impact of Environmental, Social, and Governance (ESG)
performance in the global Critical Raw Materials (CRM) sector. Using a sample of 25 publicly listed
CRM firms from 2018 to 2024, companies were segmented into “Laggard,” “Improver,” and “Leader”
portfolios based on ESG risk ratings. A multi-method framework was applied, combining
multivariate panel regressions, time-series models (GARCH, VAR), and machine learning (LASSO)
to disentangle the financial effects of the E, S, and G dimensions. The research challenges the
monolithic view of ESG performance by testing for non-linear, portfolio-dependent relationships
between sustainability indicators and stock returns in a strategically vital industry. Results reveal a
significant “ESG tug-of-war” among Improver firms: while markets reward social performance, they
appear to penalize environmental and governance initiatives, likely due to transition-related costs.
In contrast, ESG impacts for Laggard and Leader firms are statistically insignificant, suggesting either
market indifference or fully priced-in performance. These findings offer a nuanced framework for
understanding the conditional financial materiality of ESG. They have direct implications for
investment strategies, sustainability reporting, and policy formulation in resource-intensive sectors
navigating the energy transition.

Keywords: ESG Investing; critical raw materials; financial performance; panel regression;
fama-french model; sustainable finance; stock market efficiency; machine learning; environmental
economics; energy transition

1. Introduction

The global imperative to transition toward a low-carbon economy has catalyzed a significant
reconfiguration of industrial priorities, creating an unprecedented demand for critical raw materials
(CRMs) like lithium, cobalt, and rare earth elements [1]. As foundational inputs for green
technologies such as electric vehicles (EVs) and renewable energy systems, these materials have
become central to sustainable development [2-7]. This heightened demand, however, has also
brought to light the significant vulnerabilities in CRM supply chains and magnified the
environmental, social, and governance (ESG) risks tied to their extraction and refinement [8-12].

The global shift away from fossil fuels places CRMs at the nexus of technological advancement
and resource security [1,5]. The proliferation of lithium-ion batteries, which are vital for both EVs and
grid-scale energy storage, is particularly dependent on a stable supply of metals such as lithium,
cobalt, and nickel [9,10,13-15]. The processes involved in sourcing these materials are often associated
with considerable environmental externalities, including high levels of energy and water use,
alongside significant waste production [4,16,17]. Concurrently, social considerations —from ensuring
the welfare of local communities and upholding ethical labor standards (e.g., addressing the “blood
cobalt” issue in artisanal mining [18]) to maintaining a “social license to operate” —have emerged as
financially material concerns for the industry [19,20]. Furthermore, strong governance, including
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transparency and regulatory adherence, is a key determinant of operational stability and investor
appeal [8,12,20,21]. In response, international policy measures like the EU Critical Raw Materials Act
(CRMA) have been established to enhance supply chain resilience and mandate responsible sourcing
protocols [1,15,21].

While investors and corporations increasingly acknowledge the strategic relevance of ESG
criteria, the empirical linkage between ESG credentials and financial outcomes is often ambiguous
and debated [22]. A substantial portion of existing research approaches ESG as a single, aggregated
metric, which can mask the distinct and sometimes opposing effects of its individual Environmental,
Social, and Governance components. This monolithic perspective may overlook non-linear dynamics
and lead to generalized conclusions that are not universally applicable, thereby risking the
formulation of ineffective investment and corporate sustainability strategies.

This research aims to fill a significant gap in the literature by deconstructing the ESG construct.
It investigates the separate financial impacts of the Environmental (E), Social (S), and Governance (G)
pillars and examines whether the market’'s response to ESG performance is non-linear across the
global critical raw materials sector. Inspired by recent studies indicating that ESG valuation is
context-dependent in related industries like automotive manufacturing [23], this work applies a more
granular lens to the foundational CRM sector.

A key innovation of this study is the segmentation of firms into performance-based tiers—low
ESG risk “leaders,” mid-range “improvers,” and high ESG risk “laggards” —to test the hypothesis
that the market’s valuation of sustainability is conditional on a firm’s ESG maturity. To achieve this,
the study integrates traditional econometric panel models with a suite of advanced analytical tools,
including machine learning (LASSO, DNN, LSTM) and time-series methods (Granger causality,
Impulse Response Functions). This multi-methodological approach is designed to provide a more
robust and holistic understanding of the complex relationship between sustainability efforts and
financial returns. By offering a disaggregated and non-linear analysis, this study presents new and
significant information that advances the field beyond studies that have relied on aggregated scores
or single-method frameworks.

The principal goal of this research is to disentangle the financial effects of the individual E, S,
and G pillars within the global CRM industry. By doing so, the study aims to deliver a more nuanced
and practical comprehension of ESG’s influence, guided by these key questions:

RQ1: Does the financial market react to ESG performance uniformly, or does the relationship exhibit
non-linearity, varying between ESG leaders, laggards, and “improver” firms?

RQ2: When assessed concurrently, does a company’s Environmental performance demonstrate a
distinct impact on stock returns after accounting for Social and Governance factors?

RQ3: Do firms in a transitional phase experience competing financial pressures from their ESG
initiatives? Specifically, which ESG pillars influence returns, and in what direction?

RQ4: Is superior ESG performance associated with a consistent financial premium for leading firms,
or has the market already incorporated this information into their valuations?

This study is organized into the following sections. First, Section 2 provides a foundation by
reviewing relevant theories and literature, thereby highlighting the specific research gap. Next,
Section 3 explains the methodology, including data assembly and sample selection. Section 4 is
dedicated to presenting the empirical results, with a structure designed to answer each research
question sequentially. Following this, Section 5 offers an in-depth discussion of the results,
interpreting them within theoretical contexts and exploring their practical applications. The
manuscript finishes with Section 6, which summarizes the main conclusions, notes the study’s
limitations, and proposes directions for subsequent research.
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2. Theoretical Framework and Literature Review
2.1. Literature Search Strategy and Synthesis

The literature review was systematically conducted using keywords such as “ESG and financial

i v v i

performance, critical raw materials,” “mining sustainability, circular

/i

energy transition,

v u

economy,” “environmental stewardship,

voou

social license to operate,” “corporate governance,”
“decarbonization in mining,” “Scope 1, 2, 3 emissions,” “lithium,” “cobalt,” “nickel,” “rare earth
elements,” “ESG data sources,” “panel regression ESG,” “time series ESG,” and “machine learning
ESG.” Academic databases, including Scopus, Web of Science, and Dimensions.ai, were primarily
utilized to identify relevant peer-reviewed articles, with a particular focus on recent publications
(2022-2025) to ensure alignment with contemporary debates in the field [16]. The synthesis aimed to
identify foundational theories, common empirical findings, and existing gaps, particularly

concerning the disaggregated impact of ESG within the CRMs sector.

2.2. Foundational Theories of Corporate Sustainability
2.2.1. Stakeholder and Legitimacy Theories: The “Why”

Stakeholder theory posits that corporate success is not solely dependent on maximizing
shareholder wealth but also on managing relationships with various stakeholders, including
employees, customers, suppliers, communities, and regulators [16]. Addressing stakeholder concerns
through robust ESG performance can enhance reputation, reduce regulatory and litigation risks, and
foster stronger community relations, ultimately contributing to long-term financial stability and a
“social license to operate” [19,20]. Legitimacy theory suggests that organizations continuously seek
to operate within the bounds and norms of their respective societies to ensure their continued
existence. ESG initiatives can be viewed as efforts to align corporate activities with societal
expectations, thereby gaining or maintaining legitimacy, which can translate into financial benefits
such as increased market acceptance and reduced resistance to operations.

2.2.2. Agency and Resource-Based Theories: The “How”

Agency theory, traditionally focused on the principal-agent problem between shareholders and
management, can be extended to explain ESG engagement. Managers may undertake ESG initiatives
to reduce agency costs by aligning corporate interests with broader societal values, thereby attracting
responsible investors and reducing information asymmetry. Conversely, excessive or poorly
managed ESG investments could be viewed as agency costs if they do not directly contribute to
shareholder value. Resource-Based View (RBV) theory suggests that superior financial performance
stems from firms possessing unique, valuable, rare, inimitable, and non-substitutable resources and
capabilities. ESG performance, particularly when integrated into core business models (e.g., through
proprietary green technologies or strong community relationships), can be a source of competitive
advantage, leading to cost savings, innovation, and enhanced brand equity [16]. These capabilities
can act as intangible assets that are difficult for competitors to replicate.

2.3. The Financial Materiality of Sustainability in the Critical Raw Materials Sector: A Review of an
Evolving Landscape

The empirical literature on the link between ESG and financial performance is extensive but
yields inconsistent results, with studies reporting positive, negative, or neutral relationships. These
mixed findings are often attributed to variations in ESG measurement, industry-specificities,
methodological approaches, and temporal contexts. To better understand these complexities, this
review synthesizes key themes from recent research, focusing specifically on the CRM sector.

First and foremost, the imperative to decarbonize has emerged as a dominant theme. A central
focus in recent literature is the drive toward decarbonization within the CRM industry, where studies
consistently highlight efforts to adopt renewable energy as a key strategy for mitigating Scope 1 and
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2 emissions at operational sites [1,8,18,19]. To reduce their carbon footprint, firms are allocating
significant capital to green technologies, which includes shifting to cleaner power sources and
implementing more energy-efficient extraction techniques [20-22]. Although these initiatives require
substantial upfront investment, they are widely regarded as crucial for ensuring long-term
operational sustainability and adhering to strengthening climate policies.

Beyond the scope of direct emissions, a considerable area of research is dedicated to holistic
environmental management frameworks. These frameworks advocate for comprehensive resource
stewardship, including diligent water management, waste minimization, and the adoption of circular
economy models designed to extract further value from process residues [9,10,23-37]. For the CRM
sector, this principle is practically applied through innovative methodologies for lithium-ion battery
recycling and the recovery of critical elements from secondary materials like mine waste and saline
brines [38-45]. The financial implications of these efforts are threefold, potentially leading to
operational cost savings, a reduction in liabilities from regulatory fines, and an enhancement of
corporate brand equity.

Complementing these environmental considerations, maintaining a “social license to operate”
is identified as a critical, material factor for mining companies [19,20]. Specifically, research
increasingly links strong community engagement, transparent governance, and ethical labor
practices to reduced project delays, enhanced firm value, and mitigation of social risks such as
protests and human rights concerns [18]. Therefore, positive social performance can foster trust,
reduce social friction, and contribute to long-term operational stability, particularly in regions
sensitive to resource extraction impacts.

Conceptually, these operational efforts reflect a strategic shift from compliance-based ESG to a
“value-led” approach where sustainability is integrated into core business models to unlock cost
savings and mitigate risks [22]. This involves embedding ESG considerations into strategic planning,
capital allocation, and operational decision-making, moving beyond mere reporting to active value
creation through intrinsically sustainable practices.

To quantify these efforts, a comprehensive understanding of emissions is crucial for the critical
raw materials (CRM) sector. Emissions are categorized into three types: Scope 1 covers direct
emissions from company-owned sources like mining fleets; Scope 2 includes indirect emissions from
purchased electricity for facilities; and Scope 3 encompasses all other value chain emissions, both
upstream and downstream [19,20,30]. Due to the intricate and global nature of CRM supply chains,
Scope 3 emissions, such as those from transporting materials or their final use in products, are often
the most significant component of a firm’s total carbon footprint, despite being the most difficult to
quantify.

However, achieving these ambitious decarbonization and circular economy goals necessitates
significant capital investment in greening technologies and infrastructure. This includes adopting
renewable energy sources at mine sites, implementing advanced recycling facilities, developing new
extraction methods for secondary resources, and improving water management systems [8—
10,13,21,22,33,38,39,43—-45]. Consequently, such substantial capital outlays can lead to a “transitional
trap,” where firms incur considerable costs in the short-to-medium term for these initiatives,
potentially impacting their immediate financial performance. While these investments are crucial for
long-term sustainability and resilience, the market’s immediate reaction to these costs, especially for
firms undergoing significant transformation, can create downward pressure on returns. This
phenomenon, in particular, can explain a potential negative relationship between environmental or
governance improvements and short-term financial returns for “improver” firms.

In summary, while the existing literature acknowledges the multifaceted nature of ESG, few
studies have systematically investigated how financial markets differentiate between E, S, and G
pillars across distinct ESG performance profiles (leaders, improvers, laggards), particularly within a
sector as strategically vital and environmentally sensitive as critical raw materials. Prior research
often assumes a linear relationship or a uniform effect across all firms. Therefore, this study’s key
contribution lies in revealing the non-linear, disaggregated financial impact of E, S, and G,
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pinpointing where the “green premium” (or penalty) truly exists. By applying a multi-
methodological approach that combines econometric rigor with machine learning’s predictive
power, this research offers a granular understanding of how ESG initiatives translate into market
returns. Ultimately, this specificity is crucial for stakeholders in the CRM sector, enabling more
targeted and effective sustainability strategies and investment decisions, thereby promoting the
connection between theory and practice and contributing to solutions for contemporary societal
challenges related to the energy transition.

3. Methodology
3.1. Data Sources and Sample Construction

The study leverages a comprehensive dataset of global critical raw materials companies,
specifically selected for their primary involvement in the exploration, extraction, processing, or
recycling of materials deemed critical for the energy transition (e.g., lithium, cobalt, nickel, rare earth
elements). Daily stock price data were collected using the Python yfinance library, from which daily
excess returns were computed as the dependent variable. Excess returns are calculated by subtracting
the daily risk-free rate (proxied by the 3-month Treasury bill rate) from the company’s daily stock
return. This choice of dependent variable is standard in financial performance studies, isolating
returns attributable to firm-specific factors and ESG performance beyond general market movements.

ESG scores (Environmental, Social, Governance, and composite ESG) were triangulated from
multiple leading data providers, including Bloomberg, Refinitiv (LSEG), MSCI, and Morningstar ESG
Risk Ratings. For the primary sorting criterion, Sustainalytics ESG Risk Ratings were utilized due to
their explicit focus on identifying unmanaged ESG risks. It is critical to note that Sustainalytics ESG
Risk Ratings operate on a scale where lower scores indicate lower risk and better ESG performance,
while higher scores indicate higher risk and worse ESG performance. This interpretation is consistent
with established research showing that companies with lower ESG risk scores generally outperform
those with higher ESG risk scores [23]. This multi-source approach enhances the robustness and
representativeness of the ESG data, mitigating potential biases from relying on a single provider and
providing a more holistic assessment of a firm’s ESG performance. Financial control variables,
including the Fama-French Five-Factor model factors (Mkt-RF, SMB, HML, RMW, CMA) and the
Momentum factor (WML), were sourced to control for well-documented market-level influences on
stock returns [23]. The selection of these independent variables is standard in financial economics to
capture various dimensions of risk and return, allowing for a more precise estimation of the
incremental impact of ESG factors.

The sample comprises 25 companies, carefully chosen to be representative of the global critical
raw materials sector. These firms are drawn from diverse geographical locations (e.g., South Korea,
USA, France, UK, Canada, Australia, Sweden) and cover various segments of the value chain (e.g.,
mining, battery materials production, recycling). These companies were categorized into three
distinct portfolios based on their historical composite ESG performance, using Sustainalytics ESG
Risk Ratings. To test for non-linear effects in the market’s valuation of sustainability, companies were
sorted into three distinct portfolios based on their average Sustainalytics ESG Risk Score over the
study period, where a lower score indicates better performance. The top-performing firms were
assigned to the Low ESG Risk Portfolio (9 companies), representing sustainability “leaders” such as
005930.KS and APTV. Firms in the middle tier were placed in the Medium ESG Risk Portfolio (8
companies), conceptualized as “improvers” in a transitional state and including firms like 1772.HK
and JMAT.L. Finally, the poorest performers were grouped into the High ESG Risk Portfolio (8
companies), representing “laggards” like ALTM and LAC. The composition of these portfolios
implicitly determines the geographic scope of the study, as the sample includes major global players
in the CRM sector, thus ensuring a representative cross-section without an explicit country-level
selection criterion.
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The analysis is based on daily data collected from 2018 to 2024, with the exact date range
constrained by the availability of consistent data across all companies and ESG scores, providing a
comprehensive time series for robust analysis. To address incomplete data, a two-pronged strategy
was employed. For the panel regression analysis, pairwise deletion was utilized to maintain the
integrity of statistical inferences. For the machine learning and time-series models, a forward-fill
imputation method was applied to time-dependent variables to maximize the retention of
observations without introducing look-ahead bias. Furthermore, to control for the influence of
extreme values, financial return data were Winsorized at the 1st and 99th percentiles, a standard
technique to mitigate the disproportionate impact of outliers.

3.2. Portfolio Construction and Descriptive Statistics

After collecting and cleaning the data, daily excess returns for each portfolio were calculated by
averaging the excess returns of the constituent companies within each ESG tier. This portfolio-level
aggregation helps to smooth out idiosyncratic firm-specific noise and better capture the market’s
aggregate reaction to ESG performance within each category, a methodology consistent with
established portfolio-based studies in financial economics. The Fama-French factors and the
momentum factor were subsequently applied at this portfolio level to control for known drivers of
stock returns.

Table 1 illustrates the key descriptive statistics for the three constructed portfolios. The “Low
ESG Risk” (Leaders) portfolio, comprising nine companies, exhibits the highest volatility, as indicated
by a standard deviation of 0.0244, alongside a mean daily excess return of -0.00169. The “Medium
ESG Risk” (Improvers) portfolio, with eight companies, shows the lowest volatility (Std. Dev. =
0.0141) and the highest mean daily excess return at -0.00063. The “High ESG Risk” (Laggards)
portfolio, also with eight companies, presents a risk-return profile situated between the other two.
These initial statistics suggest notable differences in the financial characteristics of firms across the
ESG performance spectrum, which the subsequent analysis aims to explore in detail.

Table 1. Portfolio Composition and Descriptive Statistics.

Portfolio Number of Mean Daily Std. Dev. Avg. Composite ESG Score

Companies Excess Daily Excess | (Sustainalytics Risk Score)
Return Return

Low ESG Risk 9 -0.00169 0.0244 Lower (Better

(Leaders) Performance)

Medium ESG 8 -0.00063 0.0141 Medium

Risk (Improvers)

High ESG Risk 8 -0.00094 0.0168 Higher (Worse

(Laggards) Performance)

Note: ESG scores are normalized; for Sustainalytics, a lower ESG score indicates lower ESG risk

(better performance).

3.3. Methodological Framework and Diagnostic Tests

To address the research questions comprehensively and provide both explanatory and
predictive insights, this study employs a multi-methodological approach that leverages the distinct
strengths of several analytical techniques.

First, Panel Regression Analysis using a Fixed Effects (FE) model is applied to the firm-level
data. This approach is particularly suitable for analyzing panel data as it allows for the examination
of the contemporaneous relationship between disaggregated ESG pillar scores and excess returns
while controlling for unobserved heterogeneity across firms within each portfolio. By incorporating
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entity-specific effects, the FE model isolates the impact of within-firm changes in ESG scores on
returns, which is crucial for understanding the dynamics within “improver” firms without being
confounded by static, between-firm differences.

Second, Time-Series Analysis, including Vector Autoregression (VAR), Granger causality tests,
and Impulse Response Functions (IRFs), is utilized at the portfolio level. This method is chosen to
investigate the dynamic, predictive relationships between ESG performance and returns, explicitly
accounting for temporal dependencies. It moves beyond static correlations to analyze predictive
power (Granger causality) and the dynamic response to information shocks (IRFs), which is vital for
distinguishing between immediate market reactions and the forward-looking pricing of ESG
initiatives.

Finally, a suite of Machine Learning Models, including LASSO, Deep Neural Networks (DNN),
and Long Short-Term Memory (LSTM) networks, serves as a powerful complement to the
econometric methods. LASSO (Least Absolute Shrinkage and Selection Operator) is used for its
ability to perform variable selection and regularization, identifying the most relevant predictors.
DNNs and LSTMs are employed to capture complex nonlinear relationships and temporal
dependencies that traditional linear models might miss. This combination provides both inferential
understanding from the econometric models and enhanced out-of-sample predictive power from the
ML models, strengthening the overall robustness of the findings.

3.3.1. Panel Model Specification Justification

For the panel regressions, the choice between Pooled OLS, Fixed Effects (FE), and Random
Effects (RE) models was determined by standard diagnostic tests to ensure the most appropriate
specification. Table 2 summarizes the results of these tests, which were conducted for each of the
three portfolios. The F-test for individual effects was first used to compare the Fixed Effects model
against a simple Pooled OLS model. The results consistently yielded highly significant p-values (p <
0.001), indicating the presence of significant firm-specific effects and making the Fixed Effects model
superior to Pooled OLS.

Subsequently, the Hausman test was performed to decide between the Fixed Effects and
Random Effects specifications. The test’s null hypothesis is that the unique errors are not correlated
with the regressors, in which case the more efficient Random Effects model is preferred. As shown in
Table 2, the Hausman test produced a highly significant p-value, leading to the rejection of the null
hypothesis. This result confirms that the unobserved firm-specific effects are correlated with the ESG
and financial variables, making the Fixed Effects model the most consistent and appropriate choice
for this analysis.

Table 2. Panel Model Specification Test Results.

Test Statistic Representative P-value | Decision

Type Value
F-test for Fixed | F-statistic 14.96 0.0000 | Reject Pooled OLS in favor
Effects of FE or RE.
Hausman Test (FE | Chi-squared 45.82 0.0000 | Reject Random Effects in
vs. RE) ® favor of Fixed Effects.
Note: Representative statistic and p-values are shown for clarity. Tests were performed for each
portfolio, consistently confirming the superiority of the Fixed Effects specification.

3.3.2. Time-Series Model Diagnostics

Before conducting the time-series analyses (VAR and GARCH), standard diagnostic tests were
performed to ensure the underlying assumptions of the models were met. Table 3 presents the
representative results of the Augmented Dickey-Fuller (ADF) test for the portfolio-level time series.
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The tests indicate that the Excess Return and ESG Score series contain a unit root at their levels but
become stationary after first differencing (p < 0.01). This I(1) property confirms that a Vector
Autoregression (VAR) analysis should be conducted on the differenced data to ensure valid statistical
inference.

Furthermore, the presence of autoregressive conditional heteroskedasticity (ARCH effects) was
tested using the ARCH-LM test. Table 4 summarizes these results, showing highly significant p-
values for all three portfolios. This confirmation of volatility clustering justifies the use of a
GARCH(1,1) model as the appropriate specification for modeling the time-varying volatility of
portfolio returns. The combined application of these rigorously tested panel regression, time-series,
and machine learning models provides a comprehensive and robust framework for addressing the
complexities of ESG’s financial impact.

Table 3. Augmented Dickey-Fuller (ADF) Unit Root Test Results.

Variable (Medium ESG | ADF Statistic p- ADF Statistic p- Conclusion

Portfolio) (Level) value (1st Diff) value

Excess Return -2.15 0.22 -15.43 0.00 | Stationary
I(1)

ESG Score -1.89 0.34 -12.88 0.00 | Stationary
I(1)

Note: Representative values from the Medium ESG portfolio are shown. All series across portfolios

exhibit I(1) behavior.

Table 4. ARCH-LM Test for Heteroskedasticity in Portfolio Returns.

Portfolio LM-Statistic p-value | Conclusion

Low ESG Risk 155.4 0.000 Significant ARCH effects present.
Medium ESG Risk 189.2 0.000 Significant ARCH effects present.

High ESG Risk 148.7 0.000 Significant ARCH effects present.

Note: A significant p-value indicates the presence of time-varying volatility, justifying the use of
GARCH models.

The pervasive presence of ARCH effects (p <0.05 for all portfolios) indicates that the conditional
variance of returns is not constant over time, but rather depends on past squared errors. This
necessitates the use of GARCH-type models for accurate volatility modeling within time-series
analysis, particularly when conducting Granger causality tests and impulse response analyses,
ensuring robust and efficient parameter estimates. The combined application of panel regression,
VAR, and machine learning models provides a comprehensive and robust framework for capturing
both contemporaneous and predictive relationships, linear and non-linear patterns, and effectively
addressing the complexities of ESG’s financial impact in the CRM sector and significantly advancing
current knowledge.

4. Empirical Results and Analysis

This section is structured to directly address the research questions posed in the introduction.
Each portfolio is analyzed in turn, presenting the combined evidence from the study’s econometric,
time-series, and machine learning models.
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4.1. Market Indifference and Weak Signals: The Case of High ESG Risk “Laggard” Firms

To investigate how financial markets treat firms with poor sustainability records, this section
analyzes the “High ESG Risk” or “Laggard” portfolio. As presented in Table 5, the primary
multivariate fixed-effects model shows that the coefficients for E_Score, S_Score, and G_Score are all
statistically insignificant (p > 0.10). This indicates that for laggard firms, the market does not assign a
significant, immediate financial penalty or reward based on their specific ESG pillar performance.

Table 5. Multivariate Panel Regression Results for the High ESG Risk Portfolio.

Variable Parameter Std. Err. T-stat P-value Lower CI Upper CI
const -0.0094 0.0036 -2.5951 0.0095 -0.0165 -0.0023
E_Score 9.655e-05 0.0010 0.0955 0.9239 -0.0019 0.0021
S_Score -0.0001 0.0003 -0.4381 0.6614 -0.0006 0.0004
G_Score -0.0001 0.0009 -0.1491 0.8814 -0.0018 0.0015
Mkt-RF 0.0108 0.0022 49194 0.0000 0.0065 0.0151
SMB 0.0044 0.0014 3.0928 0.0020 0.0016 0.0072
HML 0.0023 0.0023 1.0164 0.3095 -0.0021 0.0067
RMW 8.908e-05 0.0035 0.0256 0.9795 -0.0067 0.0069
CMA -0.0021 0.0014 -1.5761 0.1150 -0.0048 0.0005
WML -0.0019 0.0014 -1.3383 0.1808 -0.0046 0.0009
R-squared: 0.1724, No. Observations: 10362, Entities: 7

The time-series analysis, summarized in Table 6, reveals marginal evidence of a predictive
relationship, with the Granger causality test yielding a p-value of 0.0808. Although this predictive
link is weak, we examine the machine learning results for further insight. The LASSO feature
importance plot (Figure 1) shows that ESG-related variables are assigned very small coefficients
compared to market factors and lagged returns, indicating they have minimal predictive weight. This
is further confirmed by the model performance metrics in Table 7, where the simpler LASSO model
performs on par with its more complex counterparts, and the overall predictive power is limited.

Table 6. Summary of Time-Series Analysis for the High ESG Risk Portfolio.

Metric Value
GARCH Volatility Persistence (Alpha+Beta) 0.9873
Granger Causality (ESG — Returns) p-value 0.0808

Table 7. Machine Learning Model Performance (RMSE) for the High ESG Risk Portfolio.

Model RMSE
LASSO 0.0169
DNN 0.0309
LSTM 0.0187

For “laggard” firms (High ESG Risk), the market appears largely indifferent to their specific ESG
performance levels. While there is weak evidence that significant changes in their ESG profile might
be noticed over time, this information is not a primary driver of financial returns compared to
traditional risk factors.
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Figure 1. LASSO Feature Importance for the High ESG Risk Portfolio.

4.2. The "Tug-of-War” for Medium ESG Risk “Improver” Firms

The analysis for the “Medium ESG Risk” or “improver” cohort reveals a dramatically different
and more complex picture, directly addressing RQ2 and RQ3. As presented in the multivariate
regression in Table 8, a highly significant negative relationship is found for the E_Score (p<0.001) and
G_Score (p<0.001), which contrasts sharply with a significant positive relationship for the S_Score
(p<0.01). This finding indicates that for this transitional group, the market simultaneously penalizes
the perceived costs of environmental and governance initiatives while rewarding the benefits of
strong social performance.

Table 8. Multivariate Panel Regression Results for the Medium ESG Risk Portfolio (Improvers).

Variable Parameter Std. Err. T-stat P-value Lower CI Upper CI
const -0.0063 0.0035 -1.775 0.0759 -0.0132 0.0007
E_Score -0.0007 4.399e-05 -16.915 0.0000 -0.0008 -0.0007
S_Score 0.0027 0.0009 2.9925 0.0028 0.0009 0.0045
G_Score -0.0029 0.0008 -3.5848 0.0003 -0.0045 -0.0013
Mkt-RF 0.0103 0.0018 5.8517 0.0000 0.0069 0.0138
SMB 0.0086 0.0020 4.2215 0.0000 0.0046 0.0125
HML -0.0026 0.0022 -1.173 0.2409 -0.0069 0.0017
RMW -0.0053 0.0062 -0.8651 0.3870 -0.0175 0.0068
CMA 0.0046 0.0024 1.9074 0.0565 -0.0001 0.0092
WML -0.0046 0.0019 -2.4682 0.0136 -0.0083 -0.0010
Note: R-squared: 0.1234, No. Observations: 5501, Entities: 8

The time-series analysis in Table 9 strongly supports this dynamic relationship, showing a
highly significant Granger causality p-value of 0.0003. This confirms that ESG news is a powerful
predictive signal for this group. The Impulse Response Function, visualized in Figure 2, reveals the
direction of this effect. A positive shock to the composite ESG score (an improvement) leads to a
statistically significant negative return in the short-term, consistent with the “transitional trap”
hypothesis, where markets initially react to the costs of ESG investments.
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Impact of ESG Shock on Returns - Medium ESG Portfolio
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Figure 2. Impulse Response of Medium ESG Risk Portfolio Returns to an ESG Score Shock.

Table 9. Summary of Time-Series Analysis for the Medium ESG Risk Portfolio (Improvers).

Metric Value
GARCH Volatility Persistence (Alpha+Beta) 0.9897
Granger Causality (ESG — Returns) p-value 0.0003

The highly significant Granger causality result (p =0.0003) indicates a strong predictive link from
composite ESG scores to returns for this portfolio, much stronger than for the High ESG Risk cohort.
This suggests that changes in ESG performance for “improver” firms contain valuable information
for predicting future stock movements.

The heightened relevance of ESG for this cohort is further confirmed by the machine learning
results. The LASSO model achieves its best predictive performance for this portfolio (RMSE = 0.0141),
as shown in Table 10. Crucially, the feature importance plot (Figure 3) shows that E_Score, S_Score,
and G_Score are all selected as key predictors, with signs that align perfectly with the multivariate
regression findings, validating the “tug-of-war” phenomenon.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202506.2367.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 June 2025

doi:10.20944/preprints202506.2367.v1

12 of 24

Table 10. Machine Learning Model Performance (RMSE) for the Medium ESG Risk Portfolio (Improvers).

Model RMSE

LASSO 0.014078
DNN 0.043076
LSTM 0.021508

The LASSO model achieves its best overall predictive performance on this portfolio (RMSE =
0.014078), significantly outperforming the High ESG Risk portfolio. This suggests that ESG variables
possess meaningful predictive power for medium-ESG risk firms.

For “improver” firms (Medium ESG Risk), ESG is not monolithic. The market simultaneously
penalizes the costly activities associated with environmental and governance improvements while
rewarding the tangible benefits of strong social performance, creating a significant “ESG tug-of-war.”
This dynamic is both statistically significant and predictive.

Feature Importance for Medium ESG Portfolio (LASSO)
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—-0.004
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-0.002 0.000 0.002 0.004 0.006 0.008 0.010
Coefficient Value (Impact on Return)

Figure 3. LASSO Feature Importance for the Medium ESG Risk Portfolio (Improvers).

4.3. The “Priced-In" Premium: The Case of Low ESG Risk “Leader” Firms

Finally, the analysis of the “Low ESG Risk” or “leader” portfolio addresses RQ4. As shown in
the multivariate regression results in Table 11, there are no statistically significant coefficients for any
of the ESG pillars. This suggests that for firms already recognized as sustainability leaders, there is
no additional, contemporaneous financial premium associated with their ESG scores beyond what is
already captured by standard risk factors.

Table 11. Multivariate Panel Regression Results for the Low ESG Risk Portfolio.

Variable Parameter Std. Err. T-stat P-value Lower CI Upper CI
const -0.0169 0.0115 -1.4708 0.1414 -0.0395 0.0056
E_Score 2.966e-05 0.0012 0.0241 0.9808 -0.0024 0.0024
S_Score 0.0008 0.0013 0.6582 0.5104 -0.0017 0.0033
G_Score -0.0008 0.0005 -1.4920 0.1357 -0.0018 0.0002
Mkt-RF 0.0181 0.0020 9.2490 0.0000 0.0142 0.0219
SMB 0.0056 0.0010 5.4911 0.0000 0.0036 0.0076
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HML 0.0058 0.0018 3.1663 0.0016 0.0022 0.0094
RMW -0.0053 0.0026 -2.0566 0.0398 -0.0103 -0.0002
CMA -0.0011 0.0020 -0.5448 0.5859 -0.0051 0.0029
WML 0.0001 0.0009 0.1478 0.8825 -0.0016 0.0019
Note: R-squared: 0.2707, No. Observations: 6372, Entities: 8

This conclusion is reinforced by the time-series and machine learning results. Table 12 shows no
evidence of Granger causality (p =0.1373), and the LASSO feature importance plot (Figure 4) confirms
that the model discards all ESG-related variables, assigning them zero predictive weight. The
predictive accuracy of the models is also weakest for this cohort (Table 13), suggesting their returns
are the most informationally efficient.

Table 12. Summary of Time-Series Analysis for the Low ESG Risk Portfolio.

Metric Value
GARCH Volatility Persistence (Alpha+Beta) 0.9979
Granger Causality (ESG — Returns) p-value 0.1373

Table 13. Machine Learning Model Performance (RMSE) for the Low ESG Risk Portfolio.

Model RMSE

LASSO 0.024441
DNN 0.030314
LSTM 0.023818

For “leader” firms (Low ESG Risk), their ESG excellence appears to be fully “priced-in” by the
market. This supports the efficient market hypothesis, where known positive attributes no longer
offer a source of predictable excess returns.

Feature Importance for Low ESG Portfolio (LASSO)
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Figure 4. LASSO Feature Importance for the Low ESG Risk Portfolio.
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4.4. Comparative Analysis of Predictive Models

To provide a final, comprehensive view of the dynamic effects, this section revisits the portfolio
that exhibited marginal but significant Granger causality but was not explored with an IRF plot in its
main section: the Low ESG Risk Portfolio. Although the primary finding for “leaders” is that ESG is
priced-in, the Granger test (p=0.08) suggests some residual predictive information might exist.

Figure 5 visualizes the Impulse Response Function for this portfolio. The plot shows that a
positive ESG shock leads to a statistically insignificant response across the ten-day horizon, as the
confidence interval consistently includes zero. This result refines the Granger causality finding,
demonstrating that while a weak statistical link may be present, it does not translate into a
predictable, economically significant market reaction for leader firms. This reinforces the overall
conclusion that ESG information is most relevant and actionable for the “improver” cohort.

Impact of ESG Shock on Returns - Low ESG Portfolio

ESG_Score - Excess_Return

0.004

0.002

-0.004

Figure 5. Impulse Response of Low ESG Risk Portfolio Returns to an ESG Score Shock.

5. Discussion

The multi-faceted analysis of ESG’s financial impact in the global critical raw materials sector
profoundly reshapes the understanding of the ESG-financial performance link. Moving beyond a
simplistic monolithic view, the findings highlight a nuanced, non-linear relationship where market
reactions to ESG performance are highly contingent on a firm’s position on the sustainability
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spectrum. This reveals a “two-speed” market that rewards and penalizes distinct ESG dimensions
for different cohorts, offering new and significant information to the broader field.

5.1. Summary of Research Question Answers

The empirical results provide clear and direct answers to the posed research questions,
collectively demonstrating a non-uniform and complex market valuation of ESG performance within
the critical raw materials sector:

RQ1: Does the financial market react to ESG performance uniformly, or does the relationship exhibit
non-linearity, varying between ESG leaders, laggards, and “improver” firms?

The financial market’s reaction to ESG performance is decidedly non-uniform and exhibits
significant non-linearity across different ESG maturity tiers, thereby establishing a “two-speed”
market. For High ESG Risk “laggard” firms (those with poorer sustainability standing), both the
contemporaneous (Table 5) and predictive (Table 6, Figure 1) analyses indicate a negligible financial
impact from their ESG performance. The market appears largely indifferent to their poor
sustainability standing, with traditional financial factors primarily driving returns (Table 7). In stark
contrast, for Medium ESG Risk “improver” firms, ESG factors exert a powerful and complex
influence (Tables 8 and 9). Finally, for Low ESG Risk “leader” firms (those with superior
sustainability performance), while their ESG excellence is undeniable, it does not translate into an
additional financial premium; their superior sustainability appears to be largely priced-in by the
market (Tables 11 and 12, Figure 4), leading to lower predictability from ESG metrics (Table 13, Figure
5).

RQ2: When assessed concurrently, does a company’s Environmental performance demonstrate a
distinct impact on stock returns after accounting for Social and Governance factors?

Yes, when assessed concurrently and controlling for Social and Governance factors, a company’s
Environmental performance demonstrates a distinct impact on stock returns, particularly for
“improver” firms. For companies in the Medium ESG Risk portfolio, the multivariate panel
regression (Table 8) reveals a statistically significant negative relationship between E_Score and
excess returns (coefficient: -0.0007, p<0.001). This finding is pivotal, indicating that the market
concurrently penalizes the perceived costs or challenges associated with environmental
improvements for firms undergoing transition, even while controlling for other ESG aspects.

RQ3: Do firms in a transitional phase experience competing financial pressures from their ESG
initiatives? Specifically, which ESG pillars influence returns, and in what direction?

Indeed, firms in a transitional phase (the “improver” cohort) experience significant and
competing financial pressures from their ESG initiatives, characterized by a distinct “tug-of-war”
effect. As shown in Table 8, Environmental (E_Score, coefficient: -0.0007, p<0.001) and Governance
(G_Score, coefficient: -0.0029, p<0.001) improvements are associated with negative impacts on stock
returns. This suggests that the market is sensitive to the substantial upfront costs and potential
disruptions involved in significant environmental upgrades and governance reforms. Conversely,
Social (S_Score, coefficient: +0.0027, p<0.01) performance for these firms is associated with a
statistically significant positive impact on returns. This indicates that while the market penalizes the
costs of E and G initiatives, it simultaneously rewards the tangible benefits of strong social
performance. This dynamic is further reinforced by the strong predictive power of ESG metrics for
this cohort, as evidenced by the highly significant Granger causality (Table 9) and the prominence of
E, S, and G scores in the LASSO feature importance (Figure 3).

RQ4: Is superior ESG performance associated with a consistent financial premium for leading firms,
or has the market already incorporated this information into their valuations?

Superior ESG performance for leading firms is generally not associated with a consistent,
additional financial premium. The evidence strongly suggests that for Low ESG Risk “leader” firms,
their excellence in sustainability has largely been incorporated or “priced-in” by the market into their
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valuations. This is evident from the lack of statistically significant coefficients for E_Score, S_Score,
or G_Score in the multivariate panel regression (Table 11), indicating no contemporaneous alpha
from ESG. Furthermore, the time-series analysis shows no predictive power (Granger causality p =
0.1373, Table 12), and machine learning models entirely discard ESG variables as predictive features
(Figure 4). The weakest predictive accuracy for this cohort (Table 13, Figure 5) implies that returns
are highly efficient, with ESG information already factored into prices, leaving little room for further
gains based on known sustainability credentials.

5.2. The “Transitional Trap”: Interpreting the Medium ESG Risk Portfolio Anomaly

The most striking finding, the complex “tug-of-war” observed within the Medium ESG Risk
portfolio, directly addresses RQ3 and RQ?2, and significantly enriches the dialogue on ESG-financial
performance. For these “improver” firms, robust environmental (E) and governance (G) performance
are associated with statistically significant negative financial returns, while strong social (S)
performance drives positive returns. This phenomenon can be conceptualized as a “transitional trap,”
where the market actively penalizes the substantial capital investments and operational costs
incurred during significant “greening technology” adoption and profound governance reforms
[16,21,25,26,30].

From an Agency Theory perspective, these initial costs for E and G improvements, such as
investing in renewable energy infrastructure at mine sites or implementing new, transparent supply
chain auditing systems, represent a significant financial outflow. While these are long-term strategic
investments, the market, particularly in the short-to-medium term, might interpret them as
immediate drains on profitability or a necessary correction for past inefficiencies, rather than
immediately value-additive changes. This is distinct from, for example, a firm investing in a new
profitable product line. For governance, exposing and rectifying historical deficiencies (e.g., in anti-
corruption or human rights due diligence) might reveal previously unpriced liabilities, leading to a
negative market reaction as these risks become transparent.

Conversely, the significant positive impact of Social (S) performance for these “improver” firms
is consistent with Stakeholder and Legitimacy Theories. In the CRM sector, maintaining a robust
“social license to operate” is paramount [19,20]. Strong social performance, including effective
community engagement, ethical labor practices, and transparent communication, directly contributes
to risk mitigation by reducing operational disruptions, project delays, and the likelihood of costly
legal challenges or reputational damage [18]. These are immediate, tangible benefits that the market
appears to recognize and reward, often offsetting some of the negative pressures from environmental
and governance-related costs. For instance, a firm that proactively addresses community concerns
around water usage or secures fair labor agreements may experience fewer operational stoppages,
translating directly into enhanced financial performance. The “improver” category thus represents a
crucial inflection point where the market begins to actively price the complexities of ESG transition.

5.3. Market Efficiency, Information Content, and a Sector-Specific Anomaly

The distinct market reactions across the ESG performance cohorts, which address RQ1 and RQ4,
offer compelling insights into the efficiency of financial markets in pricing ESG information within
the CRM sector. For High ESG Risk “laggard” firms, the observed lack of a significant
contemporaneous or predictive link between their ESG performance and returns suggests that the
market largely disregards their sustainability standing. This aligns with a Legitimacy Theory
perspective, where the efforts of entrenched laggards may be too minimal to shift investor perception
or are not yet considered financially material, causing the market’s focus to remain on traditional
Fama-French risk factors.

In stark contrast, for Low ESG Risk “leader” firms, the absence of a discernible financial
premium points toward a highly efficient market, consistent with the Efficient Market Hypothesis.
Widespread knowledge of their strong ESG performance appears to be fully “priced-in,” leaving no
room for ESG-based alpha. From a Resource-Based View, these firms have already transformed their
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sustainability capabilities into an intangible asset, meaning further marginal improvements yield
diminishing returns in terms of stock price appreciation. This notion of market efficiency is further
supported by the weaker predictive accuracy of machine learning models for this cohort, as shown
in Table 13 and Figure 4, where readily available ESG information offers little predictive power.

However, this study uncovers a notable contradiction that highlights the unique dynamics of
the CRM industry. Contrary to the general literature, which suggests that lower-risk ESG firms
outperform their higher-risk counterparts [23], the descriptive statistics in Table 1 show that the
“Laggard” portfolio experienced less negative mean daily excess returns (-0.00094) than the “Leader”
portfolio (-0.00169). This apparent anomaly can be explained by several sector-specific factors. The
CRM sector’s high capital intensity and long project lead times may mean that leaders are currently
bearing the heavy short-term costs of “green investments” that depress immediate returns.
Furthermore, the performance of all firms in this sector is heavily influenced by volatile commodity
price cycles, which can temporarily mask the underlying benefits of a leader’s superior risk
management or the inherent risks of a laggard.

This phenomenon could also be attributed to a “first-mover disadvantage,” where leaders incur
the initial costs of developing and implementing sustainable practices, or to higher operational costs
associated with maintaining ethical and resilient supply chains in geopolitically sensitive regions.
Consequently, for leaders in a high-risk sector like CRMs, the primary financial benefit of superior
ESG performance may not be immediate alpha generation but rather long-term risk mitigation, such
as better access to capital, lower insurance premiums, or fewer operational disruptions from
regulatory or social challenges. The lower volatility observed in the “Improver” portfolio compared
to the “Leader” portfolio (Table 1) hints that the market may value the stability of a managed
transition over the high-cost, high-volatility profile of some leading firms. This apparent
contradiction, therefore, does not invalidate the importance of ESG but instead reinforces the study’s
core argument: ESG’s financial impact is non-linear and highly context-dependent, especially in a
complex, capital-intensive industry like critical raw materials.

5.4. Reconciling Econometric and Machine Learning Evidence

The multi-methodological approach employed in this study, combining panel regression, time-
series analysis, and machine learning models, significantly strengthens the findings and explicitly
articulates how this paper advances current knowledge. Panel regressions provide robust causal
inferences regarding the contemporaneous relationships between individual ESG pillars and returns,
effectively controlling for unobserved firm-specific heterogeneity. This allows for precise
identification of the “tug-of-war” phenomenon in the Medium ESG Risk cohort. Time-series Granger
causality tests and impulse response functions then reveal dynamic, predictive relationships,
illustrating how specific ESG shocks propagate through returns over time. The highly significant
Granger causality for “improver” firms (Table 9) confirms that their ESG data contains valuable
forward-looking information.

Machine learning models, particularly LASSO feature importance (Figures 1, 3 and 4), offer a
crucial complementary lens. While econometric models excel at explaining why a relationship exists,
ML models are powerful in identifying what variables are most predictive and capturing complex,
often non-linear, patterns that traditional linear models might overlook. The fact that LASSO actively
selects and assigns significant coefficients to ESG pillars for the “improver” cohort (Figure 3), while
discarding them for “laggards” and “leaders” (Figures 1 and 4), provides strong corroborating
evidence for the non-linear, context-dependent nature of ESG impact. The varying RMSE across
portfolios (Tables 7, 10 and 13) and the visual representation in Figure 5 further highlight that the
predictive power of ESG metrics is not uniform but is most pronounced for the Medium ESG Risk
“improver” cohort. This integration of inferential econometrics with predictive machine learning
offers a holistic and compelling narrative, providing deeper insights than could be achieved by
relying on a single analytical approach, thereby significantly advancing the understanding of ESG-
financial performance dynamics.
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5.5. Implications for Theory and Practice

The findings carry profound implications for corporate strategy, investment decisions, and
policymaking in the critical raw materials sector, firmly promoting the connection between theory
and practice.

5.5.1. Implications for Investors and Asset Managers

For investors and asset managers, the study emphatically suggests that a simplistic, monolithic
approach to ESG investing is suboptimal and potentially misleading. True alpha generation
opportunities and effective engagement are most likely to be found within the Medium ESG Risk
“improver” cohort. These firms represent a fertile ground where ESG performance still carries
significant, complex, and actively priced informational content. Astute investors could potentially
benefit by identifying and actively investing in firms that are making genuine, impactful (though
potentially costly in the short-term) environmental and governance improvements, while
simultaneously prioritizing and excelling in social performance. This necessitates a granular, pillar-
by-pillar analysis of ESG data, moving beyond aggregated scores, to identify specific areas of strength
and weakness and to understand their distinct financial implications. For Low ESG Risk leaders, the
investment focus might shift from seeking additional alpha to risk mitigation, long-term value
preservation, and strategic alignment, especially given the observed short-term return anomaly in
this sector; their ESG premium may already be realized in terms of lower cost of capital or enhanced
resilience, rather than immediate stock outperformance. For High ESG Risk laggards, passive
screening may lead to missed opportunities for driving systemic change; active engagement and
stewardship might be necessary to induce meaningful improvements, as market mechanisms alone
appear insufficient to exert immediate financial pressure.

5.5.2. Implications for Corporate Strategy in the CRM Sector

Corporate managers in the critical raw materials sector must adopt a differentiated and highly
strategic ESG approach tailored to their firm’s current sustainability maturity level.

For “Improvers” (Medium ESG Risk): The immediate negative market reaction to E and G
improvements (the “transitional trap”) underscores the critical need for robust and transparent
communication with investors. Firms must articulate a clear long-term value proposition for these
investments, demonstrating how “greening technologies” (e.g., advanced recycling processes, carbon
capture, water treatment solutions) and robust governance reforms will lead to future cost savings,
enhanced operational efficiency, reduced regulatory burdens, superior risk management, and a
differentiated competitive advantage [9,10,23-35,38-45]. Simultaneously, continued and visible
investment in social performance, encompassing community engagement, fair labor conditions, and
human rights due diligence, is paramount. This consistent social commitment is crucial for
maintaining the social license to operate, mitigating immediate operational risks, and unlocking
tangible benefits that the market actively rewards [18-20].

For “Laggards” (High ESG Risk): These firms face a dual challenge: limited market recognition
of any nascent ESG efforts and exposure to significant long-term risks if they fail to improve. Their
strategic focus should be on implementing foundational ESG improvements, aiming to move into the
“improver” category. This involves establishing basic environmental management systems,
addressing critical social risks, and strengthening core governance structures to begin building
legitimacy and demonstrating commitment to sustainability.

For “Leaders” (Low ESG Risk): While their ESG premium may be priced-in (or even facing short-
term return challenges in this unique sector), continuous innovation and transparent communication
of new sustainability achievements are vital to maintain their leading position and prevent erosion
of investor confidence. These firms should leverage their strong ESG credentials as a source of
competitive advantage, attracting premium talent, fostering innovation, and accessing preferential
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financing, thereby solidifying their intangible assets derived from ESG excellence, even if immediate
stock returns do not always reflect a direct premium.

5.5.3. Implications for Policymakers (e.g., EU Critical Raw Materials Act)

The findings provide compelling evidence that validates and informs policy initiatives like the
EU Critical Raw Materials Act (CRMA) [1,15,21], which aim to promote sustainable sourcing and
processing of CRMs. The market’s active pricing of environmental and governance transitions for
“improver” firms suggests an inherent financial incentive for change. Policymakers should
strategically design mechanisms to alleviate the “transitional trap” for these critical firms. This could
involve targeted financial incentives (e.g., green bonds, tax breaks for sustainable investments),
supportive regulatory frameworks that recognize the upfront costs and long-term benefits of deep
sustainability transformations, or public-private partnerships that de-risk green technology
adoption. For instance, incentives for investing in advanced battery recycling infrastructure,
promoting responsible mining practices, or fostering ethical supply chains could accelerate the
transition, ensuring a secure and sustainable supply of CRMs vital for the energy transition [23,26—
29,31-35,38-47]. Policymakers should also consider the broader geopolitical implications of critical
raw material supply chains, as highlighted by the imperative for secure and sustainable access to
these materials [8,12].

6. Conclusion

This study embarked on a comprehensive journey to resolve the “ESG puzzle” within the global
critical raw materials sector by employing a robust, multi-faceted analytical framework. The findings
unequivocally demonstrate that the relationship between ESG and financial performance is not a
simple linear function but is highly nuanced and critically dependent on a firm’s position along the
sustainability spectrum.

6.1. Summary of Answers to Research Questions

RQ1: Financial markets exhibit a non-linear relationship with ESG performance. They do not
uniformly reward or penalize ESG. Instead, the market’s reaction differs significantly across ESG
leaders, laggards, and “improver” firms, indicating a “two-speed” market [22].

RQ2: When controlling for Social and Governance factors, a firm’s Environmental performance
within the “improver” cohort has a statistically significant negative impact on stock returns. This
suggests that the market actively prices the short-term costs associated with environmental
improvement initiatives.

RQ3 (Medium ESG - The Improvers): For firms in a transitional phase, ESG initiatives indeed create
competing financial pressures. The market penalizes the costly activities linked to environmental and
governance improvements, while simultaneously rewarding the tangible benefits derived from
strong social performance. This creates a distinct “ESG tug-of-war.”

RQ4 (High ESG - The Leaders): Firms demonstrating leading ESG performance do not appear to earn
a consistent, additional financial premium. Their ESG excellence is largely “priced-in” by the market,
implying that their superior sustainability credentials are already factored into their valuations,
leading to less predictable returns from ESG metrics alone.

The key contribution of this research is the precise identification and empirical validation of this
“two-speed” market [22]. For High ESG Risk laggards and Low ESG Risk leaders, the direct link
between disaggregated ESG metrics and stock returns appears less pronounced or already
incorporated. However, for the crucial cohort of Medium ESG Risk “improver” firms, those actively
navigating the complexities of sustainability transition, ESG is a powerful, multi-dimensional driver
of financial outcomes. The analysis clearly illustrates that the market imposes penalties for
environmental and governance weaknesses (or the necessary costs of addressing them), while
concurrently rewarding strengths in the social dimension. This complex dynamic in the CRM sector

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202506.2367.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 June 2025 d0i:10.20944/preprints202506.2367.v1

20 of 24

even presents a deviation from the general literature, where leading ESG firms do not always
outperform laggards in terms of mean returns, suggesting that ESG benefits might manifest as
reduced risk or long-term resilience rather than immediate alpha in this capital-intensive and
geopolitically sensitive industry.

These empirically validated results offer significant practical implications. For corporate
managers in the CRM sector, the study provides a clear financial imperative for strategic investments
in greening technologies and robust governance structures, particularly as these efforts are actively
priced by the market during a firm’s transitional phase. For investors, the findings suggest that
opportunities for alpha generation and effective engagement are most likely to reside within this
dynamic middle tier of ESG performers. Finally, for policymakers, this research provides vital
market-based validation for initiatives like the CRMA [1,15,21], demonstrating that market
mechanisms themselves provide a powerful incentive for firms to enhance their sustainability
credentials and contribute to a more resilient critical raw materials supply chain. The study thus
creates new knowledge that not only makes a significant theoretical contribution by refining the
understanding of ESG-financial linkages but also contributes directly to developing solutions for the
great challenges faced by organizations and contemporary society in accelerating a responsible and
sustainable energy transition.

6.2. Limitations of the Study

Despite its robust methodology, this study has inherent limitations. The reliance on publicly
available ESG scores, while triangulated from multiple providers to enhance robustness, still reflects
the inherent biases and varying methodologies of these rating agencies. The sample size, while
carefully selected to be representative of major global CRM players, is constrained by the availability
of consistent and comprehensive ESG data across all firms over the study period. Furthermore, the
analysis primarily focuses on equity market returns, and other important financial impacts, such as
the cost of debt, credit ratings, or long-term capital expenditure efficiency, are not explicitly modeled.
The daily frequency of data, while offering granularity for capturing short-term market reactions,
might not fully capture the longer-term, strategic value creation pathways of ESG initiatives. Finally,
the observed short-term return anomaly for Low ESG Risk leaders in the CRM sector, where they did
not outperform High ESG Risk laggards in mean returns, warrants further investigation into sector-
specific factors and the manifestation of ESG benefits beyond direct stock price appreciation.

6.3. Avenues for Future Research

Future research could extend this framework by incorporating more granular data on specific
technology adoption (e.g., the exact investment in CO2-based chemical processes for recycling or
novel extraction methods for lithium from brines) to pinpoint the financial impact of specific greening
innovations. Analyzing the impact of ESG on a broader spectrum of financial metrics, such as the cost
of debt, credit ratings, or long-term capital expenditure efficiency, in addition to equity returns,
would provide a more holistic financial perspective. Investigating the moderating role of firm-
specific characteristics (e.g., firm size, financial leverage, geographic exposure) on the ESG-returns
relationship, particularly for the dynamic “improver” cohort, could yield further nuanced insights.
Longitudinal studies explicitly tracking firms as they transition between ESG performance tiers (e.g.,
from laggard to improver, or improver to leader) would provide invaluable insights into the dynamic
nature of market perceptions and the realization of sustainability benefits over time. Finally,
complementing quantitative findings with qualitative case studies could offer rich contextual
understanding of the on-the-ground challenges and successes of ESG implementation within the
complex critical raw materials sector.
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CRMA Critical Raw Materials Act
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FE Fixed Effects

G Governance (Pillar of ESG)
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ML Machine Learning
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