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1. Introduction

In recent years, Environmental, Social, and
Governance (ESG) factors have gained signifi-
cant importance in evaluating corporate perfor-
mance. Companies are increasingly required to
integrate ESG criteria into their strategic deci-
sions to ensure regulatory compliance, enhance
reputation, and attract sustainability-focused
investments. However, assessing ESG perfor-
mance remains a complex challenge due to data
heterogeneity and the absence of a standardized
methodology for quantifying sustainability im-
pacts.

This study explores the potential of Machine
Learning techniques to predict ESG scores us-
ing Global Reporting Initiative (GRI) indica~
tors. By leveraging Ridge Regression and Ran-
dom Forest models, the research aims to deter-
mine the most influential GRI factors in ESG
assessment and evaluate the predictive capa-
bility of these approaches. The findings con-
tribute to bridging the gap between ESG re-
porting and data-driven sustainability evalua-
tion, offering valuable insights for corporations,
investors, and policymakers.

2. The GRI Index and Its Rela-
tionship with ESG

2.1. Brief History and Structure of
GRI

The Global Reporting Initiative (GRI) is a key
framework for sustainability reporting, provid-
ing structured guidelines for organizations to
disclose their Environmental, Social, and Gov-
ernance (ESG) performance.

Developed in the late 1990s, GRI was created to
address the growing need for standardized cor-
porate sustainability reporting. Over time, it
evolved through multiple iterations, introducing
the concept of materiality in G4, which empha-
sized reporting on the most relevant sustainabil-
ity issues. Today, thousands of organizations
worldwide use GRI standards to enhance cor-
porate transparency and accountability [4].
The GRI Standards provide a structured frame-
work for organizations to report on their envi-
ronmental, social, and governance (ESG) im-
pacts. They consist of Universal Standards,
which apply to all organizations and ensure con-
sistency in disclosures, Topic-Specific Standards,
which focus on economic, environmental, and so-
cial aspects, and Sector Standards, which ad-
dress industry-specific sustainability challenges.
Each standard is identified by a unique numeric
code, such as GRI 305 for greenhouse gas emis-
sions and GRI 403 for occupational health and
safety.



By adopting GRI Standards, companies enhance
transparency and accountability, ensuring that
sustainability reports meet the expectations of
investors, regulators, and stakeholders. This
harmonized approach not only supports regula-
tory compliance but also integrates sustainabil-
ity into long-term corporate strategy, reinforcing
a company’s commitment to responsible busi-
ness practices [10].

2.2. Relationship Between GRI and
ESG

The GRI Index serves as a standardized frame-
work for measuring corporate sustainability per-
formance across the Environmental, Social, and
Governance (ESG) dimensions. It enables orga-
nizations to report on key sustainability metrics,
facilitating transparency and comparability.
From an environmental perspective, GRI report-
ing includes indicators such as greenhouse gas
emissions, energy and water consumption, and
biodiversity impact, helping companies assess
and mitigate their ecological footprint [2]. The
social dimension covers human rights, labor con-
ditions, workplace diversity, and community en-
gagement, providing insights into corporate eth-
ical practices and employee well-being [8]. The
governance aspect focuses on corporate integrity,
transparency, and ethical business conduct, in-
cluding board diversity, anti-corruption policies,
and risk management [9].

GRI data is widely used to inform ESG rat-
ings, influencing investor decisions and market
perception. The structured nature of GRI re-
porting also facilitates advanced analytics, al-
lowing organizations to link individual sustain-
ability indicators to overall ESG scores. This
enhances strategic decision-making by identify-
ing key drivers of corporate sustainability per-
formance [7].

However, integrating GRI with ESG frameworks
presents challenges. While GRI emphasizes
stakeholder concerns, ESG frameworks are often
investor-driven, leading to differences in priori-
ties [3]. Additionally, data collection complex-
ity and the lack of global standardization make
cross-industry comparisons difficult.

Despite these challenges, GRI reporting en-
hances transparency, accountability, and access
to sustainable financing. It also enables compa-
nies to set measurable sustainability goals and

leverage machine learning techniques to refine
ESG strategies, driving long-term corporate sus-
tainability improvements.

3. Data Collection and Ex-
ploratory Analysis

3.1. Collection Data Structure

This study investigates the relationship between
ESG scores and corporate sustainability disclo-
sures by leveraging the GRI Standards across
three key categories: GRI 200 (Economic), GRI
300 (Environmental), and GRI 400 (Social).
The dataset consists of 344 companies from
the financial and manufacturing sectors in the
United States and Europe, with ESG scores
sourced from LSEG. Primary data sources in-
clude sustainability reports, annual reports, and
proxy statements, focusing on companies that
publish a GRI Content Index to ensure struc-
tured and comparable disclosures.

However, data collection posed significant chal-
lenges due to incompleteness and inconsistency
in ESG reporting. Many companies provided
qualitative rather than numerical data, mak-
ing it difficult to quantify sustainability met-
rics. Additionally, reporting completeness var-
ied across regions and industries, impacting data
reliability and comparability.

3.2. Exploratory Analysis

A comparative analysis revealed that European
companies exhibited higher reporting trans-
parency, largely influenced by stricter regula-
tions such as the Corporate Sustainability Re-
porting Directive (CSRD). In contrast, U.S.
companies displayed more fragmented ESG dis-
closures, as reporting remains largely voluntary.
Similarly, the manufacturing sector demon-
strated more extensive sustainability report-
ing than the financial sector, primarily due to
stricter environmental monitoring requirements
related to carbon emissions, energy consump-
tion, and resource management.

To enhance data usability, the dataset was seg-
mented into six groups, categorized by ESG di-
mension (Environmental, Social, Governance),
sector, and geography. Key frequently reported
GRI indicators included energy consumption
(GRI 302-1), CO2 emissions (GRI 305), water
usage (GRI 303), and workforce diversity (GRI



405).  Conversely, significant reporting gaps
were identified for external energy consump-
tion (GRI 302-2), waste prevention (GRI 306-
2), and workforce-related disclosures. These in-
consistencies highlight the ongoing challenges in
data standardization and emphasize the need for
stronger regulatory alignment and transparency
in ESG reporting.

This exploratory analysis lays the groundwork
for correlation studies and machine learning ap-
plications, ensuring that the dataset is suffi-
ciently structured to investigate the predictive
power of GRI disclosures on ESG scores.

4. Dataset Completion and
Correlation Analysis

4.1. Data Cleaning and Handling
Missing Values

A structured and complete dataset is essential
for reliable ESG analysis, particularly for cor-
relation studies and machine learning applica-
tions. To enhance data quality, the dataset was
segmented into Environmental, Social, and Gov-
ernance (ESG) dimensions across financial and
manufacturing sectors. Indicators with insuffi-
cient data availability below 15% for Environ-
mental, 20% for Social, and 30% for Governance
were excluded to ensure statistical robustness.
To address missing values, a penalty-based im-
putation method was applied, replacing gaps
with the worst observed value for each indicator.
This approach prevented incomplete disclosures
from artificially improving ESG scores. Positive
indicators, such as renewable energy use, were
assigned the lowest observed value, while neg-
ative indicators, like emissions, were replaced
with the highest observed value. This ensured
data integrity and aligned with the assumption
that non-disclosure may reflect weaker sustain-
ability performance.

4.2. Correlation Analysis

A Pearson correlation analysis examined the re-
lationship between GRI disclosures and ESG
scores, using the formula:

S - X))
VI - X2/ -V

where X; and Y; represent the individual val-
ues of the two variables being compared in this

p (1)

case, the GRI data and the ESG scores. The
terms X and Y correspond to the mean val-
ues of each respective variable. The results
showed strong correlations between higher dis-
closures in energy consumption reduction (GRI
302-4), COg emissions management(GRI 305),
and disposal and treatment of waste(GRI 306)
with increased ESG scores. Social factors such
as workforce diversity(GRI 405-1) and economic
value distribution(GRI 201-1) correlated posi-
tively with ESG performance, while workplace
injury rates(GRI 403-9) had a negative associ-
ation. Governance indicators related to board
composition and transparency(GRI 405-1) also
showed expected positive correlations, with an
interesting trend where firms with older board
members scored higher in governance, possibly
due to regulatory stability.

The correlation results validated the penalty-
based imputation method, as expected trends
remained consistent. The findings highlight the
relevance of structured ESG disclosures and re-
inforce the role of GRI indicators in ESG score
prediction. However, inconsistencies in volun-
tary reporting remain a challenge. This analy-
sis provides a foundation for predictive model-
ing, demonstrating how structured sustainabil-
ity data can enhance ESG assessment method-
ologies.

5. Machine Learning Methods
for ESG Prediction

This study applies Machine Learning techniques
to predict ESG scores, leveraging structured
datasets that account for sectoral and regional
variations. The objective is to construct a ro-
bust predictive framework that not only esti-
mates ESG scores but also provides insights into
the relative importance of sustainability indica-
tors. To achieve this, two complementary Ma-
chine Learning methods are employed: Ridge
Regression and Random Forest.

5.1. Ridge Regression

Ridge Regression is particularly suited for ESG
data due to its ability to mitigate multicollinear-
ity among sustainability indicators while pre-
serving interpretability. It extends the Ordinary
Least Squares (OLS) regression by incorporating
an L2 penalty, which regularizes the regression
coefficients to prevent overfitting [6]. The Ridge



estimator is defined as:

n p
BRidge = arg mﬂin > wi—Bo+z B+ 87,

i=1 Jj=1
(2)

where y; represents the ESG score, x; the vector
of GRI indicators, 8 the regression coefficients,
and A\ a regularization parameter that controls
the degree of shrinkage. The closed-form solu-
tion is given by:

BRidge = (XTX + )‘I)_IXTY’ (3)

where [ is the p x p identity matrix, ensuring
that XX 4+ Al remains non-singular even in
cases of highly correlated features. The optimal
A is determined using k-fold cross-validation,
balancing bias and variance to enhance predic-
tive accuracy [5].

5.2. Random Forest

To capture non-linear relationships within ESG
data, Random Forest is employed as a flexible,
ensemble-based approach that constructs multi-
ple decision trees. By aggregating their outputs,
it reduces variance and enhances generalization
[1]. The final ESG score prediction is computed
as the average output across all trees:

L1 &
V=2 TX), (4)
b=1

where B represents the number of trees and
T,(X) denotes the output of the bth tree. Unlike
Ridge Regression, which assumes linearity, Ran-
dom Forest can identify intricate interactions
between sustainability indicators. Hyperparam-
eter tuning is performed through Randomized
Search Cross-Validation, optimizing key param-
eters such as tree depth, number of trees, and
feature selection criteria. This allows the model
to adapt to sector-specific and regional varia-
tions in ESG reporting.

6. Performance Evaluation of
ESG Prediction Models

The effectiveness of Ridge Regression and Ran-
dom Forest in predicting ESG scores was as-
sessed using R-squared (R?) and Mean Abso-
lute Error (MAE) across six data blocks. While

both models faced challenges, Random Forest
generally outperformed Ridge Regression, par-
ticularly in predicting Social (S) and Environ-
mental (E) scores within the financial sector.

6.1. Ridge Regression Results

Ridge Regression exhibited low predictive
power, with R? values below 0.3 across all
blocks. The highest performance was in the E-
Manufacturing sector, where it achieved an R?
of 0.2567 and an MAE of 13.4540. Governance
blocks showed the weakest results.

Feature importance analysis highlights sector-
specific drivers of ESG performance. For En-
vironmental scores, Ridge Regression identified
GRI 305-5a (reduction of greenhouse gas emis-
sions) and 301-1 (material use) as key predic-
tors in the financial sector, whereas in manufac-
turing, GRI 305-3a (other indirect GHG emis-
sions) and 302-4a (energy consumption reduc-
tion) were most relevant. Social scores were pri-
marily influenced by GRI 201-1 (economic value
generation) across sectors. In the financial in-
dustry, GRI 418-1 (customer data losses) was
a major factor, while in manufacturing, work-
place safety (GRI 403-9a.iii) played a central
role. Governance scores showed regional varia-
tions, with GRI 405-1br (diversity and age struc-
ture of the board at the end of the reporting
period) being the most important factor in Eu-
rope, while in the US, legal actions related to
anti-competitive behavior (GRI 206-1) had the
strongest influence.

6.2. Random Forest Results

Random Forest demonstrated better predictive
performance, particularly in Social-Financial
(R? = 0.4489, MAE = 10.0159). The weakest
performance was in Governance-Europe (R? =
-0.3096, MAE = 18.8886), highlighting the dif-
ficulty of predicting governance scores.

For Random Forest, environmental performance
in the financial sector was mainly driven by
GRI 305-1a (direct GHG emissions), 305-3a
(other indirect GHG emissions), and 302-1e (to-
tal energy consumption), while in manufactur-
ing, GRI 305-3a (other indirect GHG emissions),
306-3a (waste generated), and 302-4a (energy
consumption reduction) played a more signifi-
cant role, emphasizing emissions control and re-
source management. In the social domain, fi-



nancial sector predictions were most influenced
by GRI 201-1 (economic value generation), GRI
404-1a.ii.ii (management training hours), and
GRI 405-1br.ix (employees aged 30-50), whereas
in manufacturing, workplace safety (GRI 403-
9a.iii) and employee age distribution (GRI 405-
1br.x) were key factors. Governance in Europe
was mainly shaped by board composition, with
GRI 405-1ar.i (male board members) and 405-
lar.ii (female board members) at the beginning
of the reporting period being critical, while in
the US, compliance-related metrics such as GRI
206-1 (legal actions for anti-competitive behav-
ior) and board demographics (GRI 405-lar.vi
and GRI 405-1ar.vii) were more significant, re-
flecting differences in governance priorities be-
tween regions.

6.3. Model Comparison

Comparing the two models, Random Forest out-
performed Ridge Regression in most cases, par-
ticularly for Social and Environmental dimen-
sions. Ridge Regression offered greater inter-
pretability but struggled with complex interac-
tions, whereas Random Forest captured non-
linear patterns more effectively. Both models
were affected by missing data and limited GRI
indicators, emphasizing the need for improved
data quality and feature selection.

The following table summarizes the R? and
MAE values for both models across the six
blocks.

Ridge Regression | Random Forest
R? MAE R2 MAE

E_Financial 0.1722 17.2975 0.3546  13.6552
E_Manufacturing 0.2567 13.4540 0.1564 12.6451
S_Financial 0.2445  11.8830 | 0.4489 10.0159
S _Manufacturing 0.0969  14.9822 0.2905  11.4725
G_EU 0.0286 17.9949 | -0.3096 18.8886
G_USA 0.1054 15.0550 0.1852  16.7240

Table 1: Comparison of Ridge Regression and
Random Forest

7. Conclusion

This study explored the connection between
GRI sustainability reporting and ESG scores,
investigating whether machine learning models
could effectively predict ESG ratings using GRI
indicators. However, the results revealed sig-

nificant challenges, including data limitations,
inconsistencies between reporting frameworks,
and methodological constraints. The relation-
ship between GRI disclosures and ESG scores
was not as strong as expected, particularly in
governance, where key qualitative factors are not
fully addressed by GRI standards.

A major hurdle was the quality and complete-
ness of the dataset, as GRI reporting is volun-
tary and lacks full alignment with ESG scoring
criteria. While some environmental indicators,
such as CO4 emissions and energy consumption,
showed moderate correlations, overall predictive
accuracy remained low. The effectiveness of pre-
dictions also varied by sector and region: man-
ufacturing companies had more predictive envi-
ronmental data than financial firms, while Eu-
ropean businesses demonstrated greater consis-
tency in ESG reporting compared to their U.S.
counterparts, largely due to stricter regulations.
To improve future research, better alignment
between GRI and ESG frameworks, expanded
datasets, and the use of advanced analytical
tools like NLP and deep learning could enhance
predictive capabilities. Although ESG score
predictions based on GRI remain complex, the
findings underscore the importance of standard-
ized and transparent sustainability disclosures.
As ESG considerations become more central to
business strategy, data-driven approaches will
play a crucial role in improving corporate sus-
tainability assessments and fostering a more ac-
countable and resilient economy.
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