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Abstract. In an increasingly competitive business environment, organizations must innovate continuously and adopt workable practices to
succeed. Business model innovation has become an effective means of adding value, improving efficiency, and securing a favorable market
position. This paper investigates the link between sustainability indicators and competitive advantage using machine learning methods. A
dataset of publicly listed companies containing environmental, social, and governance (ESG) variables was analyzed to predict overall
corporate sustainability grades. Three classification models were implemented: logistic regression, support vector machine (SVM), and k-
nearest neighbors (KNN). Logistic regression and SVM achieved the highest prediction accuracy, 94.37%, outperforming KNN (88.73%).
These results suggest that ESG indicators are reliable predictors of market positioning and sustainability performance. The study also
indicates that sustainability-based, innovative business models can strengthen stakeholder trust and sustainable competitive advantage, and
that machine learning can help investors and managers make informed strategic decisions.
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I. INTRODUCTION

In the present business environment, firms must meet rising
demands on governance, social, and environmental issues
while remaining competitive. Traditional profit-centered ap-
proaches are becoming insufficient because of a growing
need for responsible and sustainable operations. A substan-
tial number of companies are therefore adopting business
models that integrate sustainability with profit [1]. Environ-
mental, social, and governance (ESG) metrics have become
common tools for evaluating efficiency and corporate sus-
tainability. A positive ESG score can be associated with an
enhanced reputation, greater stakeholder trust, and lower
risk [2], [3], and these traits can result in sustainable com-
petitive advantage.

At the same time, machine learning offers effective ways
to analyze data on enterprise activities and to predict future
outcomes [4]. This paper applies logistic regression, sup-
port vector machine (SVM), and k-nearest neighbors
(KNN) methods to evaluate ESG grades and the influence
of sustainability measures on competitive advantage [5].

II. LITERATURE REVIEW

Recent studies have shown that sustainability plays an in-
creasingly important role in determining the future success
of businesses. Research has pointed out that companies with
a good track record of sustainable practices have built a fa-
vorable reputation and reduced their risks.

Business model innovation is one of the essential compo-
nents of competitiveness [6]. Organizations that respond to
changes in technology, customer needs, and regulatory con-
ditions tend to succeed more often than those that keep to
traditional methods. Sustainable operations and planned re-
source use are now regarded as vital elements of innova-
tion [7].

ESG ratings are widely used to measure the governance,
social, and environmental performance of companies and to
assess their capability to deal with these issues. Strong ESG
scores are associated with sound governance structures and
with value creation [8]. Investors are therefore building
ESG criteria into their core investment decisions.

Machine learning algorithms support data analysis within
business firms. KNN, SVM, and logistic regression are fun-
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damental methods for prediction and classification [9], [10].
Few studies, however, have combined machine learning
with ESG performance to investigate sustainable competi-
tive advantage. The present research addresses this gap by
predicting ESG grades with machine learning models [11].

III. METHODOLOGY

This study trained machine learning classifiers on labeled
data to predict the sustainability grades of organizations
from ESG factors. The method consisted of five phases:
data collection, preprocessing, variable selection, model
building, and assessment [12].

A. Dataset Collection

The dataset used in this research consists of the ESG scores
of 722 listed firms from various sectors. It contains both
categorical and continuous variables, namely industry sec-
tor, environmental score, social score, governance score,
and total ESG score. The dependent variable is the total
grade, which reflects the overall sustainability rating of
each firm [13].

B. Data Preprocessing

The following preprocessing steps were applied to the

dataset:

e records with missing values were deleted;

® the industry variable was converted to numeric form by
label encoding;

o the target variable (total grade) was encoded as numeric
classes; and

e all features were scaled.

C. Feature Selection

The environmental score, social score, governance score,
and industry category were used as the input variables for
model building, because they represent sustainability per-
formance and position [14]. The dependent variable was the
overall ESG grade (total grade).

D. Model Development
Three machine learning classifiers were compared:
1. logistic regression, a basic linear classifier;
2. SVM, which classifies ESG grades using optimal deci-
sion boundaries [15], [16]; and
3. KNN, a distance-based classifier.
The dataset was split into a training set (80%) and a test set
(20%), with the random state set to 42.

E. Performance Evaluation

The models were evaluated with accuracy, precision, recall,
the Fl-score, and the confusion matrix. These measures
were used to assess classification effectiveness and to com-
pare model performance [17]. Accuracy is defined in (1),
where TP, TN, FP, and FN denote true positives, true neg-
atives, false positives, and false negatives:

TP+TN

. 1
TP+TN+FP+FN M

Accuracy =

F. Research Framework

The overall workflow followed six steps: dataset collection,
preprocessing, feature engineering, model training, predic-

tion, and evaluation.

IV. REsuLTs AND DiscussioN

This section presents the results of the three classification
models (logistic regression, SVM, and KNN) used to pre-
dict the total grade assigned to the listed firms.

A. Comparative Model Performance

The accuracy, precision, recall, and Fl-score of the algo-
rithms were used to assess their predictive performance, and
the results are given in Table 1. Logistic regression and
SVM achieved the highest classification accuracy, 94.37%,
whereas KNN reached 88.73%. This implies that the linear
and margin-based classifiers performed better than the dis-
tance-based algorithm on this ESG dataset.

TaBLE 1. PERFORMANCE OF THE CLASSIFICATION MODELS

Model Accuracy (%) Precision Recall F1-score
Logistic regression 94.37 0.94 0.94 0.94
SVM 94.37 0.94 0.94 0.94
KNN 88.73 0.89 0.89 0.88

Fig. 1 compares the accuracy of the three models. Logis-
tic regression and SVM clearly outperform KNN.
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Fig. 1. Accuracy comparison of the machine learning models.

B. Classification Behavior Analysis

The models show good predictive accuracy, especially for
the classes with more data. The classes with higher support
have good precision and recall because their decision
boundaries are stable.

SVM performs consistently because it is well suited to
multiclass prediction of ESG grades. Logistic regression is
also consistent, because the relationship between the indica-
tors and the final grade is structured.

The confusion matrix of the SVM model in Fig. 2 shows
the correct and incorrect classifications of the ESG grades
on the test set. Most classes are classified accurately, and
the few errors fall between adjacent classes.
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Fig. 2. Confusion matrix of the SVM model on the test set (classes 0 to 3
are the label-encoded ESG grades).
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Fig. 3. Distribution of the ESG grades.

C. Target Class Distribution

The ESG grades are not uniformly distributed in the dataset,
which may explain the relatively weaker performance of the
classifiers on some minority classes. Fig. 3 shows the distri-
bution of the ESG grades and the class imbalance among
the sustainability categories. Class imbalance is common in
real-world business datasets.

D. ESG Indicator Relationships

A correlation analysis was carried out to identify the rela-
tionships between the environmental, social, and gover-
nance scores and the overall ESG score. The correlation
heatmap in Fig. 4 shows positive correlations among all the
ESG categories, which means that companies that per-
formed well in one sustainability area tended to perform
well in the others. Each individual ESG score was also
highly correlated with the overall ESG score.
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Fig. 4. Correlation heatmap of the ESG indicators.

E. Managerial Implications

The analysis shows that ESG metrics can successfully pre-
dict sustainability grades and competitive positioning.
Firms with stronger environmental, social, and governance
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Grade

performance are expected to attain higher sustainability
grades.

F. Key Findings

Logistic regression and SVM performed better than KNN in
predicting the ESG grades of listed firms. Both achieved a
classification accuracy of 94.37%, whereas KNN reached a
lower 88.73%. This difference suggests that the ESG dataset
has a structure that is better captured by linear and margin-
based methods than by distance-based models. The results
also show that strategies that address sustainability issues
can give firms a competitive advantage.

Although KNN gave satisfactory results, its lower accu-
racy shows that instance-based learners may struggle when
classes overlap or are imbalanced. From a management per-
spective, this study shows that sustainability ratings can be
predicted from ESG indicators. Companies that strengthen
their governance processes, improve their environmental
sustainability, and fulfill their social responsibilities obtain
better ESG ratings.

V. CONCLUSION

This study explored machine learning techniques for pre-
dicting ESG grades. Logistic regression and SVM attained
the highest accuracy, 94.37%, while KNN had the lowest
accuracy, 88.73%. The findings show that ESG performance
is important in predicting the overall sustainability grade,
and they highlight environmental and social commitment
and good governance as critical factors for future competi-
tive advantage.

The analysis also shows that machine learning can sup-
port ESG analysis and decision-making. Future research
should use more data, more advanced algorithms, and live
sustainability measures, and should benchmark the results
against earlier ESG prediction studies.
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