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Abstract: This study investigates the effectiveness of artificial intelligence in forecasting the market
capitalization of publicly listed firms by integrating Environmental, Social, and Governance (ESG)
indicators with traditional financial variables. Grounded in Stakeholder Theory and Signaling Theory,
the research evaluates whether ESG information enhances predictive performance beyond conventional
financial metrics. The analysis employs a global panel dataset comprising more than 11,000 firm-year
observations from approximately 1,000 companies across multiple industries and regions during 2015—
2025. Several machine learning models, including Random Forest, CatBoost, Extreme Gradient
Boosting, Light Gradient Boosting Machine, Extra Trees, and Linear Regression, have been developed
using log-transformed financial variables and dimension-reduced ESG components derived through
principal component analysis. Time series validation is applied to ensure temporal robustness. The
findings indicate that tree-based ensemble models significantly outperform linear regression, with
Random Forest explaining 84.53% of the variation in future market capitalization. Financial indicators,
particularly revenue and profit margin, remain dominant predictors, while ESG factors contribute
limited short-term incremental value. The results highlight the complementary role of ESG reporting
in supporting long-term transparency and sustainable competitiveness.

Keywords: Artificial intelligence, Environmental, Financial performance, Governance, Machine learning, Market
capitalization forecasting, Social.

1. Introduction

Over the past decade, the focus of corporate decision-making has expanded beyond profit
maximization to encompass the broader economic, social, and environmental consequences of business
activities. Environmental, Social, and Governance (ESG) considerations have evolved from voluntary
initiatives into essential components of corporate financial strategy and risk management [17]. This
transition reflects contemporary governance perspectives that emphasize the central role of investors
and stakeholders in shaping long-term corporate value [27]. As a result, firms increasingly allocate
resources to ESG-related activities to enhance resilience, reputation, and strategic alighment in an
uncertain global business environment.

Despite this transformation, approaches to forecasting firm value, commonly measured by market
capitalization, have not fully adapted to these structural changes. Traditional valuation and forecasting
models continue to rely heavily on historical financial information such as revenues, leverage, and
accounting ratios. Prior studies indicate that such methods face notable limitations when applied to
volatile and complex market conditions [37]. Although financial indicators remain fundamental, they
often fail to capture intangible value drivers related to corporate reputation, workforce management,
and environmental resilience [47]. Existing empirical research generally reports a positive association
between ESG performance and financial efficiency [57]. However, much of this literature relies on linear
regression techniques, which assume proportional and stable relationships between ESG indicators and
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firm value [67. In practice, ESG value relationships are frequently nonlinear and dynamic, as ESG
investments may generate delayed effects or influence firm valuation only after reaching certain
thresholds. Consequently, conventional linear models may overlook important interaction effects and
hidden patterns.

Recent advances in Artificial Intelligence (Al) and Machine Learning (ML), including Random
Forest and Gradient Boosting algorithms, offer powerful alternatives for modeling complex and
nonlinear relationships in large datasets [7]. While these methods have been increasingly applied in
financial forecasting, limited research has explicitly integrated ESG indicators into Al-based models to
predict market capitalization [87]. Against this backdrop, this study aims to develop and compare
advanced machine learning models for forecasting market capitalization by jointly incorporating
traditional financial variables and ESG indicators.

This study addresses the following research questions:

RQ1: Does incorporating ESG indicators enhance the accuracy of market capitalization forecasting
beyond traditional financial variables?

RQ2: Do machine learning models outperform linear regression in capturing non-linear
relationships between firm attributes and market capitalization?

RQ3: How do financial indicators and ESG factors comparatively contribute to predicting future
market capitalization?

The remainder of this paper is organized as follows. Section 2 reviews the related literature. Section
3 outlines the data and methodology. Section 4 reports and discusses the empirical results. Section 5
concludes the paper and suggests directions for future research.

2. Literature Review
2.1. ESG Performance and Market Capitalization

Environmental, Social, and Governance (ESG) ratings aggregate multiple sustainability dimensions
into a single metric and are widely interpreted as indicators of firm resilience and long term financial
stability [97]. Investors and asset managers increasingly rely on ESG ratings to differentiate firms with
stronger adaptive capacity to regulatory, environmental, and socio-political pressures, thereby
influencing capital allocation decisions and liquidity conditions. As a result, ESG considerations are
expected to play an expanding role in shaping global investment portfolios. From a theoretical
perspective, Stakeholder Theory conceptualizes firms as systems shaped by diverse interest groups, with
corporate value dependent on the ability to meet stakeholder expectations. Within this framework,
Edmans [107] argues that high ESG performance reduces information asymmetry, enhances investor
confidence, and contributes to more stable and predictable cash flows [107]. Complementary empirical
evidence suggests that ESG performance also strengthens corporate reputation, which further supports
firm valuation [117]. Moreover, firms with superior ESG ratings tend to exhibit more accurate earnings
forecasts due to enhanced risk assessment and governance practices [127]. In emerging markets,
however, the ESG financial performance relationship is moderated by institutional quality and the
effectiveness of corporate governance mechanisms [2, 137].

Firm value is influenced by financial performance, tangible assets, and non-financial factors such as
reputation and sustainability practices. As socially responsible investment behavior expands, ESG
indicators have emerged as important tools guiding investors in evaluating firms that balance financial
objectives with ethical considerations [14].

2.2. ESG Disclosure and Financial Market Outcomes

Legitimacy Theory and Signaling Theory provide complementary explanations for how ESG
performance translates into market valuation outcomes. Firms disclose ESG information to align with
societal expectations, maintain social acceptance, and reinforce organizational legitimacy [157]. From a
signaling perspective, ESG disclosure conveys credible information regarding a firm’s commitment to
sustainable development, thereby reducing uncertainty and attracting long-term investors [16]. Prior
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studies further indicate that companies with strong ESG performance are perceived as more
trustworthy and credible by capital market participants, enhancing access to both equity and debt
financing [177]. Through these mechanisms, ESG performance and disclosure exert an indirect yet
meaningful influence on firm value and market capitalization.

2.8. Artificial Intelligence, ESG Analytics, and Market Capitalization Forecasting

Recent advances in Artificial Intelligence (AI) and Machine Learning (ML) have significantly
transformed ESG analysis and financial forecasting. Al-driven approaches enhance the reliability and
strategic depth of ESG governance by automating data processing and translating heterogeneous
sustainability information into standardized ESG key performance indicators. Advanced models such as
Long Short-Term Memory networks exploit complex textual and news-based information to forecast
ESG ratings, while other frameworks integrate ESG indicators to predict financial distress and risk
exposure [ 187]. Digital integration further amplifies the positive impact of ESG on financial outcomes
19, 207.

Empirical studies consistently demonstrate that firms with strong ESG performance achieve
superior financial efficiency, particularly in emerging markets, benefiting from lower capital costs and
improved profitability [21, 227. Beyond improving analytical precision, Al and ML also support
strategic decision-making by capturing complex, nonlinear relationships between ESG indicators,
financial variables, and firm value. Collectively, the literature highlights the growing importance of
ESG performance and financial indicators in shaping firm value and market capitalization. However,
prior empirical studies predominantly rely on linear or parametric methods that may be inadequate for
capturing the complex, nonlinear interactions inherent in ESG financial relationships. Advances in
Artificial Intelligence provide powerful tools to address these limitations by modeling high-dimensional
data and uncovering latent patterns. Building on these insights, the following section presents the
methodological framework and Al-based models employed to forecast market capitalization by jointly
incorporating ESG and financial indicators. Table 1 summarizes prior studies examining the
relationships among ESG performance, financial indicators, and firm value, as well as the application of
AT and machine learning models in market capitalization forecasting.
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Table 1.
Summary of Research Studies on Credit Card Fraudulent Transactions and Machine Learning.
s Dependent Variable | Independent
Authors (Year) Key Findings (Output) Variables (Inputs) Al Model References
Sandberg et al. I?SG ratings indicate Firm  value/market . Sandberg et
93 firm resilience and ESG ratings Conceptual | ros

[25] long-term stability. cap al. [25]
High ESG reduces

Edmans [10] information Firm value ESG performance Cor.lqeptual/E Edmans
asymmetry and mpirical [10]
stabilizes cash flows.

. . Clementino
Clem.entmo and | ESG enhgnces Firm value ESG performance Regression and Perkins
Perkins [117] corporate reputation. models r117]

Luo and Wu | High ESG improves Forecastin I\;;]JS [?251
[12] and Xu et | earnings forecast | Earnings / firm value | ESG ratings dels & d Xu et
al. [247] accuracy. fmodets an v
al. [24]
Institutional — quality
Ahmad et al. F2 moderates the ESG Fi f ESG, governance, | Moderation / | Ahmad et
mad et al. [2] performance frim performance institutions Regression al. [2]
relationship.
Praveen
Praveen Kumar | Market capitalization Macroeconomic & | Time-series Kumar and
and Manoj | reflects a firm's value | Market capitalization e ¢ ) Manoj
firm variables models
Kumara [257] under shocks. i Kumara
[25]

. . Operational e Ewing and
Ewing d}nd fundamentals  affect | Market capitalization (?peraponal . & | Regression Thompson
Thompson [267] o financial metrics models .

market capitalization. [26]
Friede et al. [197 | Digital  integration Inteerated IE;;ede e;i{'
and Fu and Li | amplifies ESG’s | Firm performance ESG + digitalization ESE}gmodels Fu ]and Li
[20] financial impact.
[20]
Giirsoy and High ESG improves Financial Empirical Giirsoy and
Erbusa "29 profitability and erformance ESG indicators performance Erbuga
rbuga [22] lowers capital costs. P models [22]

Although prior studies have examined ESG performance, financial indicators, and firm value, most
research treats these factors separately and relies primarily on linear econometric models. Existing
evidence on the joint impact of ESG and financial indicators on market capitalization remains limited,
particularly within Al-driven analytical frameworks. Moreover, few studies provide global-scale
evidence on how nonlinear interactions between ESG and financial performance influence market
capitalization. Therefore, there is a clear need for an integrated Al-based approach that combines ESG
and financial indicators to enhance the accuracy and explanatory power of market capitalization

forecasting.

3. Methodology

Figure 1 illustrates the overall research workflow, outlining the sequential steps from dataset

collection and data preprocessing to model evaluation and market capitalization forecasting.
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Figure 1.

Research workflow.

The workflow includes dataset collection, data preprocessing and feature engineering, exploratory
data analysis, missing value imputation, feature encoding and scaling, model selection, and performance
evaluation for market capitalization forecasting.

3.1. Dataset Collection

This study employs a comprehensive dataset of financial and ESG-related indicators collected from
globally recognized and publicly accessible data sources. ESG scores and sustainability-related metrics
were obtained from Refinitiv ESG Database and MSCI ESG ratings, which are widely used in academic
research and financial analysis. Financial and market-related variables were retrieved from Yahoo
Finance, World Bank Open Data, and FRED (Federal Reserve Economic Data), ensuring reliability and
international comparability. The sample consists of approximately 1,000 publicly listed companies
across multiple industries and geographic regions, covering the period from 2015 to 2025. This time
span captures both stable economic conditions and major global disruptions, including the COVID-19
pandemic and geopolitical conflicts, thereby enhancing the robustness of the analysis. The final dataset
comprises more than 11,000 firm-year observations. The independent variables utilized in this study are
detailed in Table 2 below:

Table 2.

Description of variables in the dataset.
Variable Type Variable Description
Dependent Variable MarketCap_Future Future market capitalization (year t+1), used as the prediction target
Financial Variable Revenue_Log Log-transformed annual revenue representing firm scale
Financial Variable ProfitMargin Net profit margin indicates firm profitability
Financial Variable GrowthRate Year over year revenue growth rate reflecting the firm's growth
Financial Variable MarketCap Current market capitalization (year t) representing firm size
ESG Variable ESG_Environmental Environmental performance score of the firm
ESG Variable ESG_Social Social responsibility score of the firm
ESG Variable ESG_Governance Corporate governance quality score
ESG Variable WasteEmissions Composite environmental impact index derived from PCA
Control Variable Industry Industry sector classification
Control Variable Region Geographic region of the firm
Control Variable Year Reporting year
Identification Variable | CompanylID Unique identifier for each firm (excluded from modeling)
Identification Variable | CompanyName Firm name (excluded from modeling)

Table 2 summarizes the variables employed in the predictive model. The dependent variable is

future market capitalization (MarketCap_Iuture). The independent variables consist of financial
indicators and ESG-related measures capturing environmental, social, and governance dimensions.
Industry, region, and year are included as control variables to account for structural and temporal
effects. Identification variables are excluded from the modeling process to prevent information leakage
and ensure model robustness.
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3.2. Data Pre-Processing and Feature Engineering

The data preprocessing procedure focused on constructing the prediction target and preparing the
teature set for machine learning models. The dependent variable, MarketCap_Future, was generated by
shifting firm-level market capitalization forward by one year, enabling the prediction of future firm
value based on contemporaneous financial and ESG information. This lag-based target construction is
widely adopted in financial forecasting to avoid look-ahead bias and ensure temporal consistency [27,
287). Observations without future values were excluded to ensure valid target labels. Financial indicators
and ESG pillar scores were selected as explanatory variables, while industry, region, and year were
incorporated as control variables to account for structural and temporal heterogeneity. Identification
variables were excluded from model estimation to prevent information leakage, consistent with recent
machine learning practices in financial modeling.

To enhance model robustness, skewed financial variables were log-transformed, categorical
variables were encoded, and multicollinearity among ESG indicators was mitigated using principal
component analysis (PCA). These preprocessing and feature engineering steps are aligned with recent
studies emphasizing the integration of ESG information and advanced data transformation techniques
in predictive financial analytics [297.

3.8. Exploratory Data Analysis (EDA)

An exploratory analysis was conducted to understand distributions and variable relationships.
Initially, financial variables (Revenue, MarketCap) and the target variable were found to be severely
right-skewed. The distribution of the dependent variable is illustrated in Figure 1, revealing a highly
right-skewed pattern that motivates the use of a logarithmic transformation in subsequent modeling.

12000 A

10000 4

8000 A

6000 -

Frequency

4000 4

2000 A

0 200000 400000 600000 800000
MarketCap_ Future

Figure 2.
Distribution of MarketCap_Future.

Figure 2 reveals a highly right-skewed distribution of MarketCap_Future, where the mean value
(18,809.57) is more than four times the median (3,190.30), accompanied by extreme skewness (8.77) and
kurtosis (107.94), clearly indicating the presence of heavy tails and significant outliers in the dataset.
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The correlation matrix also reveals the non-linearity of the data, and the traditional Linear
Regression model might not be the most suitable to solve the problem. This is illustrated in Table 3 and
Figure 3.

Table 3.

VIF Index for Independent Variables.
Data Field VIF
Revenue 3.34
ProfitMargin 2.63
GrowthRate 1.3
ESG_Overall 2 909 102.21
ESG_Environmental 388 861.22
ESG_Social 365 051.43
ESG_Governance 332 757.41
CarbonEmissions 302.15
WaterUsage 31.4
EnergyConsumption 388.84

Revenue

ProfitMargin 026 075
GrowthRate 4 017
r0.50
ESG_Overall 4 01s
r0.25
ESG_Environmental 1 021
5
T
ESG_Sacial { 005 oo 3
b=
=]
]
ESG_Governance | 002
r—0.25
CarbonEmissions {051
r=0.50
WaterlUsage 1 0.54
EnergyConsumption { 048 o
MarketCap_Future - 026 014 015 021 0.04 0.01 0.30 0.32 0.27
-1.00

Revenue

ProfitMargin
GrowthRate
ESG_QOverall 4

ESG_Social
WaterUsage -

CarbonEmissions

ESG_Governance

ESG_Environmental 4
EnergyConsumption -
MarketCap_Future

Figure 3.
Correlation matrix of numerical variables.

Table 3 and Figure 3 indicate severe multicollinearity among ESG and environmental variables.
Figure 2 shows very high correlations between CarbonEmissions, WaterUsage, and
EnergyConsumption (r = 0.97-1.00) and strong links between ESG_Overall and its components (0.57-
0.67). This is confirmed by extreme VIIF values for ESG_Environmental (888,861.22), ESG_Social
(865,051.43), and ESG_Governance (832,757.41), while financial variables such as Revenue (3.34) and
ProfitMargin (2.63) remain within acceptable limits.

Edelweiss Applied Science and Technology
ISSN: 2576-8484

Vol. 10, No. 3: 219-233, 2026

DOLI: 10.55214/2576-8484.v1013.12339

© 2026 by the authors; licensee Learning Gate



226

3.4. Missing Value Imputation

The data processing workflow addressed missing values efficiently. Specifically, 1,000 missing
entries in the GrowthRate column were identified as belonging to 2015 (the first year of data). The
research group decided that removing them would be the best way since it only accommodated a small
portion of the entire data.

3.5. Feature Encoding

To resolve the multicollinearity, the variable ESG_Overall was removed because it is a linear
combination of the three sub-component scores (Environmental, Social, Governance), creating perfect
multicollinearity. Principal Component Analysis (PCA) was employed to synthesize the three
environmental variables into a single variable named WasteEmissions. This new variable retained
99.98% of the original variance, effectively solving the multicollinearity issue without significant
information loss. Afterward, the research group decided to use OneHotEncoding to encode category
variables into dummy variables for each value of each category variable.

3.6. Feature Scaling

To address the severe right skewness observed in the financial variables (Revenue, MarketCap) and
the target variable during EDA, a logarithmic transformation (np.loglp) was applied. This step was
crucial to normalize the distribution and reduce the influence of outliers on the predictive models.
Figure 4 presents the distribution of MarketCap_Future after logarithmic transformation to examine
the normalization effect prior to model estimation.

800 4
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Figure 4.

Distribution of MarketCap_Future after log transformation.

Figure 4 shows that after log transformation, Log(MarketCap_Future) is concentrated around the
range 7-9, forming an approximately symmetric, bell-shaped distribution. Compared with the original
scale (skewness = 8.77), the log-transformed variable substantially reduces skewness and extreme
dispersion, indicating improved normality and suitability for subsequent regression and machine
learning models.
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3.7. Train-Test Split

The training and evaluation process followed a strict scientific protocol. Data was split
chronologically to prevent data leakage and ensure the availability of ground truth values for validation.
The training set comprised data from 2015 through 2023. The testing set utilized independent variables
from the fiscal year 2024 to predict the Market Capitalization for 2025. This structure ensures that the
model is evaluated on the most recent complete financial year, where actual market outcomes are
known. Hyperparameter tuning was conducted via GridSearchCV combined with TimeSeriesSplit.

3.8. Model Selection and Architecture

To address the nonlinear complexities inherent in financial forecasting and ESG integration, this
study employs a comprehensive suite of ensemble learning algorithms. The selection of these models is
predicated on recent benchmarking, which demonstrates that for structured tabular data, tree-based
ensembles consistently outperform deep learning architectures by preserving the orientation of data and
effectively modeling irregular decision boundaries [307. The algorithms utilized fall into two distinct
methodological families: Bagging (Variance Reduction) and Boosting (Bias Reduction).

The study utilizes Random Forest and Extra Trees to establish a baseline of stability. Random
Forest operates by constructing a multitude of decorrelated decision trees, where each tree is trained on
a bootstrap sample of the data, and node splitting is restricted to a random subset of features. This
process reduces variance by averaging out individual tree errors [317]. Complementing this, Extra
Trees (Extremely Randomized Trees) pushes stochasticity further by selecting split points completely
at random rather than optimizing for information gain. This mechanism not only reduces computational
cost but also creates smoother decision boundaries, making it particularly robust against noisy input
teatures [327].

The study also implements AdaBoostand the big three Gradient Boosting Machines
(GBM): XGBoost, LightGBM, and CatBoost [837. Unlike bagging, these algorithms grow trees
sequentially, where each new learner attempts to correct the residual errors of'its predecessors [347:

e AdaBoost (Adaptive Boosting): As the genesis of the boosting paradigm, AdaBoost serves as a
crucial benchmark for iterative learning. Unlike bagging methods that treat all data points
equally, AdaBoost systematically alters the distribution of the training data based on the
performance of previous models. It functions by sequentially training a series of weak learners
(typically shallow decision stumps). After each iteration, the algorithm increases the weights of
misclassified instances and decreases the weights of correctly classified ones. This adaptive re-
weighting mechanism forces subsequent learners to focus exclusively on the hard-to-predict
examples that define the complex, nonlinear boundaries of the feature space. The final prediction
is constructed as a weighted sum of these weak learners, effectively minimizing an exponential
loss function to transform a collection of weak predictors into a single strong classifier [347].

e XGBoost: This algorithm minimizes a regularized objective function using a second-order Taylor
expansion of the loss. By incorporating L1 and L2 regularization terms directly into the objective
function, XGBoost effectively prevents overfitting. Furthermore, its sparsity-aware split finding
algorithm allows it to handle missing data and sparse features without imputation, preserving the
information encoded in the data's structure.

e LightGBM: Designed for scalability, LightGBM employs two novel techniques: Gradient-based
One-Side Sampling (GOSS) and Exclusive Feature Bundling (EFB). GOSS accelerates training by
focusing on instances with large gradients (larger errors) while randomly sampling those with
small gradients, maintaining accuracy while significantly reducing data volume. Additionally, its
leaf-wise tree growth strategy allows the model to converge faster on complex nonlinear patterns
compared to the level-wise growth of traditional algorithms [857.

e CatBoost: Specifically selected for its proficiency with categorical variables, CatBoost addresses
the issue of target leakage found in standard gradient boosting. It employs ordered Boosting, a
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permutation-driven approach where the residual for the i-th sample is calculated using a model
trained only on samples preceding it in the permutation. This unbiased gradient estimation is
critical for ensuring the model’s generalization capability on the categorical ESG and industry
data used in this study [367].

3.9. Evaluation Metrics

To assess the predictive performance of the deployed models, this study utilizes a multi-metric
evaluation framework consisting of Mean Squared Error (MSE), Root Mean Squared Error (RMSE),
Mean Absolute Percentage Error (MAPE), and the Coefficient of Determination (R?). These metrics are
selected to provide a holistic view of model accuracy, encompassing both absolute error magnitude and
relative explanatory power.

3.9.1. Mean Squared Error (MSE) and Root Mean Squared Error (RMSE)

MSE measures the average of the squares of the errors, that is, the average squared difference
between the estimated values and the actual values. By squaring the errors, MSE heavily penalizes
larger deviations, making it useful for identifying models that may produce significant outliers. RMSE

is derived as the square root of MSE:
2

1 n
MSE=;Z(yi—ﬁ) (1)

1% ’
RMSE = |- (i =)
i=1
RMSE is preferred for interpretation as it expresses the error in the same units as the target

variable (MarketCap_Future), facilitating a direct comparison of the magnitude of error against the
financial values [37].

3.9.2. Mean Absolute Percentage Error (MAPE)
To provide a relative measure of accuracy independent of the data scale, MAPE is employed. It
expresses the average absolute error as a percentage of the actual values:

n
100 =9,
MAPE=—E Vi~ (3)
nEl

This metric is particularly valuable for stakeholders to understand the average percentage deviation
of the forecast from the actual market capitalization.

3.9.3. Coefficient of Determination (R*)

Finally, the R? score is utilized to quantify the proportion of the variance in the dependent variable
that is predictable from the independent variables:

it i = 9)° (4)
2z (i = ¥)?

An R? value closer to 1 indicates that the model explains a high proportion of the variance in
market valuation, confirming the model's goodness of fit [387.

R?=1-
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4. Results and Discussions
Table 4 and Figure 5 summarizes the comparative performance of the machine learning models in
predicting MarketCap_Iuture using multiple error metrics and goodness of fit measures.

229

Table 4.
Comparison of Machine Learning Model Performance.
Model MSE RMSE MAPE (%) R2 (%)
RandomForest 0.5 0.7 6.67 84.53
CatBoost 0.5 0.71 6.66 84.48
XGBoost 0.51 0.71 6.72 84.14
LightGBM 0.52 0.72 6.88 83.68
ExtraTrees 0.56 0.75 7.29 82.6
LinearRegression 0.74 0.86 8.35 76.95
AdaBoost 0.82 0.91 9.14 74.33
MSE (Lower is better) RMSE {Lower is better)
1.0
1.0 4
0.82 0.1
081 0.7a 2.80
- = 0.8 0.75
g % 0.70 0.71 0.71 0.72
2061 0.56 >
2 0.50 0.50 0.51 0.52 5 0.6
@
H H
E 04 & 0.4
= Z
0.2 1 0.2
0.0- T T T 0.0 - T T T
@l} 00(} & &é\ & :'-.»‘D{\ 001} @L} & :9‘\QL C::Q"h @2"7 45‘00 001}
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& <& s <&
p- -
MAPE (%) (Lower is better) R2 (%) (Higher is better)
12 100
10 95 4
— 9.14
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= z |
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g ]
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Figure 5.

Comparison of machine learning models.

The analysis reveals that Random Forest emerged as the most robust model, achieving the highest
explanatory power with an R? of 84.53% and the lowest error rate with a MAPE of 6.67%. It was closely
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tollowed by the Gradient Boosting models CatBoost (84.48%) and XGBoost (84.14%), indicating that
tree-based ensemble methods are consistently effective for this dataset. To validate the stability of the
Random Forest model, we analyzed the divergence between training and testing performance. The
difference in R? between the training set (90.99%) and the test set (84.53%) was limited to 6.46%. This
relatively low difference confirms that the model has successfully learned generalized patterns rather
than merely memorizing historical data (overfitting), making it reliable for forecasting unseen future
scenarios.

In contrast, the traditional Linear Regression model yielded an R* of only 76.95% and a higher
MAPE of 8.85%. This highlights a critical limitation in conventional econometric modeling. While
Linear Regression explained roughly three-quarters of the variance, it failed to capture the final, most
complex quartile of market behavior that the AI models successfully decoded. As established by
Shwartz-Ziv and Armon [307, tree-based models like Random Forest generally outperform both linear
models and deep learning architectures on tabular data [307]. The logic for this superiority lies in the
model’s structure: while Linear Regression imposes a rigid, straight line relationship between variables
(assuming, for instance, that every 1 point increase in ESG results in a fixed dollar increase in value),
Random Forest builds decision boundaries based on logical rules and interactions.

The underperformance of Linear Regression, specifically that the relationship between corporate
attributes (ESG) and market capitalization is inherently nonlinear. Linear models fail to recognize
threshold effects, situations where, for example, ESG scores might only positively influence value after a
company achieves a certain level of profitability or exceeds a specific sustainability score. By successfully
identifying these complex, conditional interactions without the need for extensive manual
preprocessing, the Random Forest model demonstrates why Al is becoming indispensable for modern
valuation tasks where traditional linear statistics fall short.

To identify the relative contribution of each explanatory variable to the model, Figure 6 presents
the feature importance results derived from the trained machine learning model.

Revenue_Log
ProfitMargin
Industry
WasteEmissions
ESG_Social
ESG_Environmental -
ESG_Governance -
GrowthRate -
Region 4
T T T T T T T T
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Importance
Figure 6.

Feature Importance - Random Forest.
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The results (as shown in Figure 5) show that financial variables are still the main drivers.
Revenue_Log (Revenue after log - transformation) accounts for about 77% of the model’s decisions,
tollowed by ProfitMargin at 16%. In contrast, ESG indicators, including WasteEmissions, ESG_Social,
and ESG_Governance, had very little effect, contributing only about 1-2% each. Since the model
prioritizes the variable that best explains variance in absolute magnitude, the subtle premium offered by
ESG efficiency is overshadowed by the sheer impact of commercial scale. This finding differs from the
optimistic view often found in sustainable finance literature. Stakeholder Theory suggests that meeting
social goals creates long-term value [10, 167 and argues that sharing ESG data attracts investors.
However, our results show that for short-term valuation, the market is still mostly focused on financial
success. Our results clarify that while ESG may influence valuation multiples, it does not act as a
substitute for financial scale in determining total market value.

This difference can be explained by Signaling Theory. While Bamahros et al. [177] suggest ESG
signals trust, our results imply it is a secondary signal [177]. Financial numbers (Revenue and Profit) act
as the main signal that a company is healthy. While Del Gesso and Lodhi [157] argue that ESG data
helps clarify a company's situation, our study suggests that in a model controlling for revenue scale,
ESG acts as a marginal quality signal rather than a primary driver of size [157.

Furthermore, these results agree with Domanovi¢ [57], who noted that despite the rise of ESG,
financial numbers remain the core language of valuation [57]. The difference between our findings and
those of Luo and Wu [127, who found strong links between ESG and forecast accuracy, may be due to
the methods used [127. Previous studies often used linear regression, which might make the connection
between ESG and value look stronger than it really is. By using Al to isolate the specific impact of each
factor, this study reveals that once Revenue and Profit are known, ESG adds very little extra
information for predicting immediate market capitalization.

5. Conclusion

This study examined the effectiveness of artificial intelligence—based models in forecasting market
capitalization by jointly incorporating traditional financial indicators and Environmental, Social, and
Governance factors. Addressing the first research question, the findings indicate that integrating
Environmental, Social, and Governance information with financial variables improves the overall
explanatory framework of market capitalization forecasting. However, the incremental predictive
contribution of Environmental, Social, and Governance indicators remains limited in the short term
when dominant financial factors are taken into account.

With respect to the second research question, the empirical results clearly demonstrate that
machine learning models, particularly tree-based ensemble methods, outperform conventional linear
regression in predicting future market capitalization. These models are more effective in capturing
nonlinear relationships and interaction effects that characterize complex firm-level financial and
sustainability data.

Regarding the third research question, the analysis shows that financial indicators, especially firm
revenue and profit margin, are the primary determinants of future market capitalization. Environmental,
Social, and Governance factors contribute only marginally to predictive accuracy, suggesting that their
influence is secondary to financial scale and efficiency in explaining absolute market value.

Overall, the findings suggest that while market capitalization remains largely driven by financial
fundamentals, Environmental, Social, and Governance considerations play an important complementary
role in enhancing transparency and supporting long-term sustainable competitiveness. This study
contributes to the literature by providing global-scale evidence on the relative roles of financial and
Environmental, Social, and Governance factors within artificial intelligence-based forecasting
frameworks. IFuture research may extend this approach by examining industry-specific effects or
distinguishing between developed and emerging markets.
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