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Abstract 
The study has examined how Environmental, Social, and Governance (ESG) 

performance can predict early warning in defaulting in an emerging market through 

the application of the advanced machine learning methods. The data used in the 

analysis is firm-level panel data (including 11,000 defaulted and non- defaulted firms 

across the emerging economies in the time frame 2010-2023 that is obtained through 

the use of the Refinitiv database. Combining ESG composite scores and pillar-specific 

indicators with traditional financial distress metrics, the study elaborates a holistic 

early warning framework in the determination of whether sustainability performance 

is informing on conventional accounting-based, as well as market-based risk measures. 

The study has been methodologically executed through various supervised learning 

algorithms such as the random forest, Extreme gradient Boosting (XGBoost), Support 

Vector machines models. The empirical evidence suggested that that the use of ESG 

measures enhances predictive accuracy compared to financial ratio-based models to a 

large extent. The quality of governance turns out to be the strongest predictor of early 

default risk, then exposure to environmental risk, and social factors are also 

heterogeneous across the industries. Machine learning models achieve better 

performances than the traditional econometric specifications in measuring 

nonlinearities and the complex cross-dimensional interactions. The research adds to 

the literature in the field of financial distress because it introduces sustainability risk 

in credit risk modeling in emerging markets. It has methodological insights in the 

form of interpretable machine learning methods and practical implications to investors, 

regulators, and credit risk practitioners who are interested in incorporating ESG data 

into early warning and risk management systems. 

 

Keywords: Environmental, Social and Governance (ESG); Early Default Warning; 

Financial Distress Prediction; Machine Learning; Emerging Markets; Credit Risk 

 

 

https://jmsrr.com/index.php/Journal/about
mailto:mushtaq.ahmad@kmu.edu.pk
mailto:hamidullah@icp.edu.pk


 

 

 

 

 
 

 
 1275 

Online ISSN: 3006-2047 

Print ISSN: 3006-2039 
 

Introduction of the study 

The increasingly widespread integration of Environmental, Social, and Governance 

(ESG) issues into the corporate strategy and financial markets has fundamentally 

changed the paradigms of contemporary risk assessment. Historically, the accounting-

based ratios and market signals have been widely used in default -prediction models 

based on the pioneering works of Altman (1968) and Merton (1974), who introduced 

structural and ratio-based bankruptcy forecasting. Although these frameworks are still 

partially fundamental, the growing role of non-financial risk factors has led to the 

emergence of scholars who consider the possibility of whether ESG performance 

holds incremental information that can be used to tell credit risks and early warning of 

default (Friede, Busch & Bassen, 2015; Lins, Servaes and Tamayo, 2017). 

Empirical studies in the recent past have shown that companies that perform well on 

ESG have lower downside risk, lower cost of capital, and resilience to systemic 

shocks (Oikonomou, Brooks and Pavelin, 2012; Albuquerque et al., 2020). 

Specifically, governance systems have always been correlated with lower agency 

costs and enhanced financial stability (Gomers, Ishii and Metrick, 2003), and 

environmental and social practices are related to reputational capital and risk-

reduction advantages (Godfrey, Merrill and Hansen, 2009). Regarding credit -risk, an 

increase in ESG ratings has been revealed to be associated with a reduction in bond 

yield spreads and credit ratings, which means that sustainability performance can be a 

predictive of further financial stability (Attig et al., 2013; Ge and Liu, 2015). Still, 

empirical evidence is still in bits especially at emerging markets where the 

institutional quality, regulatory enforcement and disclosure criteria differ significantly. 

In line with the growth of ESG research, methodological research in predicting 

financial distress has changed towards non-traditional econometric models to 

machine-learning methodologies. Even though the most of early-warning systems 

have been dominated by logistic regression and hazard models, they tend to make 

restrictive assumptions of linearity and they might not reflect complex nonlinear 

interactions of predictors (Shumway, 2001). The superior predictive accuracy of 

machine-learning algorithms like the Random Forests, Gradient Boosting, and 

Support Vector Machines have shown to be able to predict bankruptcy better because 

of their capability to support high-dimensional data and nonlinear associations 

(Lessmann et al., 2015). In addition, the explainable artificial intelligence (XAI) 

recent advances, such as decomposition models based on SHAP, enable investigators 

to explain model outputs without sacrificing the predictive value, thus overcoming the 

so-called black-box objection to machine-learning applications in finance. 

Regardless of such developments, there has not been much research that has 

incorporated the ESG aspects into machine-learning early-default warning systems, 

especially when it comes to emerging market conditions. The emerging economies are 

unique risk structures, which incorporate institutional volatility, institutional 

transitions, and more susceptible to macroeconomic shocks. As a result, the ESG 

factors could have a more significant role in alleviating financial distress in such 

environments, but there is very limited systematically collected evidence based on 

massive firm-level data. 
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In order to fill this gap, the current research focuses on the significance of ESG 

performance in early default warning prediction of 11,000 defaulted and non-

defaulted companies in emerging markets between 2010 and 2023 through the 

Refinitiv database. With a combination of ESG composite and pillar-specific ratings 

and the standard measures of financial distress, the study constructs a holistic 

predictive model using various supervised machine-learning algorithms. Incremental 

predictive gains are compared with model performance by benchmarking it against 

conventional logistic regression. 

This research adds to the literature in a number of substantive and methodological 

levels. First, it adds to the existing financial distress and bankruptcy predicting 

literature, which has always been rooted in accounting-based and structural models 

(Edward Altman, 1968; Robert C. Merton, 1974), contributions to incorporate 

Environmental, Social, and Governance (ESG) performance into early warning of 

default systems. Although previous research has indicated that a well-performing 

ESG relates to reduced company risk, greater downside cushioning, and better 

resiliency to crises (Lins, Servaes and Tamayo, 2017; Albuquerque et al., 2020), there 

is not much research published that involves the integration of ESG measurements 

into predictive default modeling. This study fills the sustainability-finance nexus 

space between the sustainability and the credit risk and financial distress literature by 

integrating ESG composites and pillar-level indicators in a broader early warning 

framework, thus addressing the recent demand to incorporate the non-financial risk 

facet in the asset-pricing and risk-modeling models (Friede, Busch and Bassen, 2015; 

Oikonomou, Brooks and Pavelin, 2012). 

Second, the research offers large-scale, firm-level data in the emerging markets, a 

regulatory environment of heterogeneous structure, less effective enforcement 

procedures, and more macroeconomic fluctuation. Even though the field of ESG 

research is growing at a high rate, a significant proportion of the empirical data is 

limited to the developed markets that have more or less developed disclosure systems. 

Emerging markets offer unique governance systems, pressure on stakeholders, and 

sustainability disclosure criteria, hence, may change the ESG-risk relationship (Attig 

et al., 2013; Ge and Liu, 2015). This paper based on ESG data on 11,000 defaulted 

and non-defaulted companies in emerging markets over the period 2010-2023 

provides credible cross-country evidence on the question whether sustainability 

performance has incremental predictive value in a context with a higher level of 

institutional risk. This will fill the growing need of regulators and foreign investors in 

developing financial systems to have ESG-based risk-assessment instruments. 

Third, this paper contributes to the methodological practice by implementing 

interpretable machine-learning methods to predict default. Previous distress prediction 

model methods have largely depended on logistic regression and hazard based model 

(Shumway, 2001), which assumes linearity and do not sufficiently estimate nonlinear 

interaction between financial and non-financial predictors. The results provide 

valuable theoretical and practical suggestions. In theory, they support the thesis that 

ESG performance is a material risk factor as opposed to being a reputational or ethical 

factor. On an empirical level, they prove that governance and environmental 
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indicators, specifically, improve the early detection of default over conventional 

financial ratios. In practice, the findings offer practical implications on institutional 

investors, credit-rating agencies, banking institutions, and policy makers to reflect 

sustainability risk in their forward-looking credit evaluation and macroprudential 

supervision models. By harmonizing the integration of ESG with predictive analytics, 

this paper can be seen as a part of the changing paradigm of sustainable finance and 

capital allocation contingent on risk in emerging markets. 

 

Literature Review  

There is a significant amount of empirical studies that suggested the statistically 

significant correlation between Environmental, Social, and Governance (ESG) 

performance and the financial outcomes and risk profile of firms. The positive 

association between ESG and corporate financial performance is always reported in 

meta-analytic evidence and can be explained by the reduction of the risk and 

alignment of the stakeholders (Orlitzky, Schmidt and Rynes, 2003; Friede, Busch and 

Bassen, 2015). In one study, Oikonomou, Brooks, and Pavelin (2012) suggested that 

the companies with a stronger ESG rating display a lower idiosyncratic risk, thus 

signifying that ESG results absorb data, which falls beyond the traditional financial 

measures. More current empirical research has also emphasized the stabilising role of 

ESG in financial turbulence; Lins, Servaes, and Tamayo (2017) present results that 

indicate that high-ESG firms perform better than others during the 2008 financial 

crisis. The discrete ESG dimensions have also been studied in recent research. Khan, 

Serafeim and Yoon (2016) note that companies that have strong material ESG 

performance outperform their peers in both profitability and in stock returns 

especially when the sustainability issues at hand have financial relevance in the 

country, especially in industrial sectors. Albuquerque et al. (2020) record that 

companies that have high ESG ratings have a lower systematic risk and lower cost of 

capital, implying that sustainability activities help to generate financial resilience. 

 

ESG and Early Warning Default Prediction 

Some studies ask the question of the connection between ESG and credit-risk 

measures. Attig et al. (2013) gives a negative correlation between ESG scores and the 

credit default swap spreads which means that the credit markets internalise ESG 

performance in their default-risk measurement. This result is extended to the bond 

yield spreads by Ge and Liu (2015), although the governance related factors, 

especially, reduce credit costs. Even more contemporary research by Bebchuk, Cohen 

and Hirst (2020) examines the governance indices with the results indicating that the 

lack of governance predicts increased risk of default and thus governance as a 

predictive factor in credit rating. However, regardless of the facts, most studies that 

have added ESG variables to credit-risk settings are based upon correlation or 

regression model, but not upon predictive early-warning models. The predictive 

capacity of ESG performance in formal default-prediction systems, in particular, by 

the use of sophisticated machine-learning practices, is therefore insufficiently 

investigated. 
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Bankruptcy Prediction and Machine Learning. 

The early model of default and bankruptcy prediction like the logistic regression and 

hazard models have a limitation in the form of linearity assumptions and inability to 

cope with high dimensional data (Shumway, 2001). Predictive modelling in finance 

has been transformed by the introduction of methods of machine-learning. According 

to meta-analyses, the methods of Random Forest, Gradient Boosting, or Support 

Vector Machines are much more effective and reliable compared to older approaches 

in terms of accuracy and skills (Lessmann et al., 2015). Bellotti and Crook (2009) 

demonstrate evidence that ensemble methods are more effective than logistic models 

at modeling non-linear interactions between predictors, whereas Yoon and Kim (2021) 

use deep-learning architectures to predict companies that are likely to go bankrupt, 

and their gains are always higher than other models. The interpretability is of an 

essential concern to the adoption of these models in finance. Explainable artificial 

intelligence (XAI) systems (such as SHAP (Lundberg and Lee, 2017) and LIME) 

allow researchers to explain the decisions of a model, which is needed to achieve 

regulatory transparency and economic interpretation. 

 

ESG FACTOR in the emerging markets. 

Emerging markets come with their own unique institutional issues, including worse 

quality of disclosures, fragmented regulation, increased macroeconomic volatility 

which can influence the relationship between ESG factors and financial performance. 

The extent of disclosure quality variation in emerging markets is captured in a paper 

by Ioannou and Serafeim, which also shows a significant difference in the quality of 

disclosure (2012), and this factor affects the predictive character of ESG. Fatemi, 

Fooladi and Tehranian (2018) discover that the valuation impact of ESG performance 

is greater in the emerging market as compared to developed economies, which is 

likely because of lower investor protection and risk premia. The recent study by 

Makhalima et al.,  (2021) focuses on ESG and credit risk in BRICS economies and 

shows that both environmental and governance scores could minimise credit-risk 

measures to a considerable extent. However, limited research has been conducted on 

evidence that makes use of predictive frameworks in emerging-market default settings, 

especially when using long panels and large samples of firms. 

The literature indicates that (a) ESGs are associated with risk and credit performance 

of firms; (b) machine-learning models predicting default better with advanced 

machine-learning; and (c) new markets are characterized by distinct ESG dynamics. 

However, there is little work that combines ESG measures with predictive early-

warning models that apply interpretable machine-learning models on massive samples 

of new-market companies. This paper fills this gap by integrating ESG and financial 

factors in high-performance models with 11,000 firms in emerging markets during 

2010 to 2023. 
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Theoretical Underpinning  

Stakeholder theory 

The stakeholder theory assumes that any organisation should control the relationships 

with a vast number of stakeholders in order to be successful in the long term and 

reduce the risk (Freeman, 1984). The performance of the ESG, especially social and 

governance practice, portrays the interest of the stakeholders, a promise by the firm, 

to the stakeholders, which increases the reputation and trust. These interactions may 

minimize the conflict expenses and reputational risk, which would potentially trigger 

financial distress. 

 

Agency theory 

Agency issues exist where the managers act in their own interest against shareholder 

value (Jensen and Meckling, 1976). Strong governance structures (board 

independence, shareholder protection, executive supervision) lessen the agency costs 

and bring managerial behaviour and value preservation into the same direction. 

Therefore, the quality of governance ought to be an effective predictor in default 

models and enhance risk identification and monitoring. 

 

Resource-Based View  

Resource-based view also believes that the firm with good, rare, inimitable and non 

substitutable resources attains a persistent competitive advantage (Barney, 1991). 

Strategic performance strengths, including environmental innovations and high-

quality social practices, play the role of ESG capabilities that increase the resilience of 

environmental and market shocks. These non-material strengths may enhance 

flexibility and hence minimise chances of financial collapse. 

 

Research Methodology 

The current research study uses quantitative, explanatory and predictive research 

design to question the effects of Environmental Social and Governance (ESG) 

performance on early default of companies that are functioning in emerging market in 

a systematic manner. The design is developed to jointly use both the standard 

econometric methods and advanced machine-learning classification models to 

evaluate the explanatory power and predictive performance. Similarly to the previous 

results in the literature on bankruptcy prediction (Shumway, 2001; Lessmann 

et al., 2015), the research emphasizes out-of-sample validation and robustness testing 

to ensure the generalizability and avoid overfitting the model. 

The empirical model is based on the risk-prediction modelling, where the dependent 

variable is a linear binary variable of firm default (defaulted = 1; non- defaulted = 0). 

Covariates are added to ESG metrics along with traditional financial distress 

predictors in order to assess their incremental predictive value. 

 

Data Source and Sample. 
The sample includes firm-level panel observations obtained in the Refinitiv database 

during the 2010-2023. Emerging-market economies provide about 11 000 
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observations, half of which are defaulted and half of which are non-defaulted. 

Refinitiv provides standardized ESG scores (composite and pillar-specific) in co-

existence with financial statement variables, thus making it cross-country comparable. 

The classification of emerging-market is based on internationally recognized market 

categories used in global financial indices, thus presenting a sample which is 

comparable to the recognized market taxonomy. Companies with incomplete ESG or 

financial data were filtered out to ensure even training of the models. The 1st and 99th 

percentiles were winsorised to limit the effects of the extreme values, which is an 

empirical practice in finance (Khan, Serafeim and Yoon, 2016). In line with the 

literature of corporate bankruptcy and financial distress led by Altman (1968) and 

developed by Ohlson (1980) and Shumway (2001), a broad set of financial ratios that 

measure profitability, leverage, liquidity, size, efficiency, and growth dynamics are 

incorporated in the study. These variables are built using standardized accounting 

numbers that are taken through the Refinitiv database, and all financial variables are 

lagged by one period to prevent reverse causality and promote the predictive 

consistency. 

The profitability ratios can be used to measure the performance and the internal 

capability of firms to make earnings. The core operating profitability before financing 

and accounting adjustments is represented by EBITDA (earnings before interest, taxes, 

depreciation and amortization), and the higher the values, the more likely the default 

probability is to decrease (negative sign). Debt-servicing capacity is measured by 

EBITDAFE, which is calculated as EBITDA/financial expenses, with a higher value 

placing low financial distress risk. EBITDATA (EBITDA/Total Assets) is a ratio that 

determines the effectiveness of assets utilisation in the production of operating cash 

flows, and EBITDAEQ (EBITDA/Equity) is a ratio that assesses the returns based on 

the capital of shareholders. EBITDASA (EBITDA/Sales) shows the operating margin, 

which indicates that it is cost-effective. The metrics of net profitability such as NPSA 

(Net Profit/Sales), GPSA (Gross Profit/Sales), NITA (Net Profit/Total Assets) and 

NITE (Net Profit/Equity) reflect different aspects of profit efficiency and profit 

shareholders returns. NPEMP (Net Profit/Number of Employees) is a proxy of labour 

productivity. LNNI (natural logarithm of net income) is a scale-adjusted distributional 

skewness. EBITTA (EBIT/Total Assets) focuses on the operating returns that are not 

conditional on capital structure. The profitability measures are all supposed to show a 

negative relationship with the probability of default because the more the earnings, 

the lower the insolvency risk. 

Capital-structure and leverage ratios measure the dependence of the firms on outside 

funding and the debt ratio. The strength of capitalization and financial stability are 

measured by EQTA (Equity/Total Assets), EQFA (Equity/Fixed Assets), and 

EQLIAB (Equity/Total liabilities) where a positive value of capitalization means the 

company has a large equity base and thus it will be less likely to default (negative 

sign). On the contrary, the financial leverage and debt burden are reflected in 

LIABTA (Total Liabilities/Total Assets), LTLTA ( Long-Term Liabilities/Total 

Assets ) and DE (Debt-to-Equity ratio) and all of them have a positive correlation 

with the probability of insolvency. LTFFA (Long-Term Funds/Fixed Assets) 
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measures the suitability of long-term financing that can cover the fixed-asset, and 

closer alignment is expected to reduce the distress risk. 

Short term solvency and internal cash-generating capacity are given out in the form of 

liquidity and cash-flow ratios. CFEQ (Cash Flow/Equity), CFTA (Cash Flow/Total 

Assets) and CFSA (Cash Flow/Sales) measure the strength of operations liquidity and 

OCACL (Operations Cash Flow/Current Liabilities) measures how the firm meets its 

short-run obligations due to its operations. Immediate liquidity is determined by the 

Current Ratio (CR) which is calculated by dividing current assets by current liabilities, 

and the Quick Ratio (QR) which is calculated by dividing quick assets by current 

liabilities. High liquidity and adequate cash-flow are theorised to reduce early default 

probability (negative sign). 

Measures of firm size are taken log-scaled to reduce the effects of skew and 

heteroscedasticity. LNTA (natural logarithm of total assets), LNSA (natural logarithm 

of sales) and LNNI (natural logarithm of net income) are proxies of organisational 

scale, ability to be diversified and market. Large companies enjoy the benefits of 

economies of scale, access to capital markets, and better stakeholder links, therefore 

minimizing default risk (negative sign), which is consistent with the existing distress 

literature. 

The efficiency and activity ratios measure the utilisation of assets and turnover. The 

efficiency with which funds are utilized to turn assets and manage working-capital 

can be measured by SATA (Sales/Total Assets) and INVTO (Inventory Turnover) and 

RECTO (Receivables Turnover) respectively. High turnover rates are usually 

indicative of resource efficiently invested and low liquidity are reduced, thus reducing 

the risk of default. 

The growth and dynamic ratios determine the performance trend of the firms. 

Expansion and financial momentum are taken in SG ( Sales Growth Rate ), EBITDA 

growth rate ( EBITDA Growth rate ), CFG ( Cash flow Growth rate ), EQG ( Equity 

Growth rate ) and NPG ( Net profit Growth rate ). The growth has a positive impact as 

it indicates growth in business and the ability to operate so that the chances of default 

are reduced. However, high or unstable growth can be a sign of risk-taking behaviour; 

therefore, the nonlinear impacts are statistically investigated in the framework of 

machine-learning requirements. 

Winsorisation of all continuous variables is done at the 1st and 99th percentile in 

order to reduce the effects of extreme values. Multicollinearity checks are performed 

through variance inflation factors (VIF) and standardisation of variables where 

necessary in order to run machine-learning. Altogether, these financial measures 

provide a multidimensional measure of profitability, solvency, liquidity, scale, 

efficiency, and growth, constituting a predictive base of the incremental value of ESG 

performance in early detection of default models. 

 

Tentative Sample of Companies Region Wise 

S. No  Region  No of Companies  Firm-Year Observations  Percentage  

1  Asia  1236  12360  63%  
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2  Europe  177  1770  9%  

3  Latin America  329  3290  17%  

4  ME & Africa  224  2130  11%  

Grand Total  1966  19660  100%  

 

Time Horizon of the Study 

The time horizon of the study will be from 2010 to 2023. 

 

Data Analysis  

These methods include descriptive analysis of data, correlation analysis, and a variety 

of machine-learning models, which are all integrated into the research analysis section. 

 

Descriptive Statistics   

The nature of the selected variables is explained using the descriptive statistics used in 

this study according to Fisher and Marshall (2009). These statistics give the total 

number of observations that were used in all the variables used and such measures as 

mean, median, mode, minimum, maximum, standard deviation, standard scores and 

percentile ranks. 

 

Bivariate Analysis 

Bivariate analysis is carried out using correlation techniques that indicate the 

relationships between the two variables or parameters. Pearson correlation coefficient 

is used to measure the extent of linear association. Pearson correlations are ranging 

between -1 and +1 where the negative and positive signs respectively depict the 

directions of the associations. A coefficient value of -1 indicates the existence of a 

perfect negative relationship, a coefficient value of +1 indicates the existence of a 

perfect positive relationship and a coefficient value of 0 indicates the absence of 

linear relationship (Ghauri and Gronhaug, 2005). The calculation of the correlation 

coefficient of Pearson is based on the conventional formula: 

 

Multivariate Analysis 

Multivariate analysis is an analysis that examines relationships between two or more 

variables at the same time, assessing the effects of one or more independent variables 

on one or more dependent variables. The regression analysis is a common tool of 

multivariate analysis; besides, machine-learning models were also used to evaluate 

the effects of ESG scores on corporate-default prediction in this research. 

Machine-learning (ML) models are an example of artificial intelligence (AI) 

technologies, which improve predictive performance feature without specific 

programming instructions. The ML algorithms usually use the historical information 

as input in order to make predictions regarding the future. There are four basic ML 

methodologies, namely supervised learning, unsupervised learning, semi-supervised 
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learning, and reinforcement learning. Both methodologies have their own peculiarities 

and their own capabilities, which are applicable to different kinds of data and more 

efficient predictions. Some of the ML models that have been applied in this study are: 

 

Random Forest Algorithm   

The popularity of decision tree models can be explained by the fact that they are 

considered white-box algorithms, i.e., the decision logic is readable and 

understandable. Nevertheless, deep trees can experience overfitting, which 

undermines out-of-sample performance. In order to reduce this risk and increase the 

predictive accuracy, Breiman (2001) proposed to use the Random Forest algorithm. 

Random Forests are a type of ensemble learning method that harnesses numerous 

decision trees, which are trained on a randomly selected set of features, and this 

results in variety of individual models. The random forest classifier mode of 

prediction is obtained by the majority vote of all constituent trees, therefore, making it 

more stable and accurate. 

 

Gradient Boosting Machines   

Gradient Boosting is an ensemble algorithm that builds a very precise predictive 

model by sequentially refining a huge number of weak learners, most generally 

shallow decision trees. The algorithm works in a sequential fashion with each 

successive learner getting rid of the residuals (errors) left by the previous model. The 

algorithm therefore gradually increases the overall predictive accuracy, particularly on 

those observations that were initially predicted wrongly. The fundamental concept is 

an optimization of a given loss, reduction of a global prediction error per iteration. 

Gradient Boosting uses a series of models that are fit to the residual values in order to 

capture complex, non-linear patterns that can be poorly represented by one learner.  

XGBoost:  

XGBoost (eXtreme Gradient Boosting) is an extension of the Gradient Boosting 

Decision Tree (GBDT) model by Chen and Guestrin (2016). Otherwise, unlike the 

Random Forests that employ the bagging approach, XGBoost employs a boosting 

paradigm, which builds models one by one, instead of independent of each other. 

Such an algorithm constructs an additive model by training a series of decision trees, 

each of which is trained on the initial set of data. Next generations of trees lay 

emphasis on the incorrectly classified observations in the previous generation, so that 

the next generation of learners concentrates on fixing the mistakes made earlier. This 

cyclic process is performed until a pre-established number of trees is obtained. 

 

Support Vector Machines (SVM)  

Support Vector Machines are a popular machine-learning algorithm that can be used 

in classification as well as regression problems in a variety of fields. SVM is based on 

the identification of the most efficient hyperplane that has the maximum separation 

between different classes in a high-dimensional feature space. SVM uses a maximum 

margin between the closest observations of each type of data, which are referred to as 

support vectors, in order to improve its extrapolation capabilities with regard to data 

https://jmsrr.com/index.php/Journal/about


 

 

 

 

 
 

 
 1284 

Online ISSN: 3006-2047 

Print ISSN: 3006-2039 
 

that is not seen. One of the key advantages of SVM is that it is resistant to high-

dimensional data of complex nature. SVM is also able to model non-linear 

relationships using implicit transformation of input data into a higher-dimensional 

space with the help of the application of the kernel functions. 

 

Default Drivers 

The extent literature showed that the first unanswered question in predicting 

corporate default is that what are the most important variables that trigger default? 

Among the extensive default factors used in previous studies, the optimal set of 

information to predict default remains unanswered. While Altman (2000) 

recommends accounting ratios as default factors, Campbell, Hilscher and Szilagyi 

(2008) prefer market information at the company level. However, there is no 

exhausted list of variables that is concluded among the researchers. Further, 

investigation is needed into the debate on the importance of accounting ratios versus 

market information in predicting default. Although industry effects are suggested by 

Chava & Jarrow (2004) however, keeping in view the corporate default Campbell, 

Hilscher & Szilagyi (2008) argued that industry effects are negligible. Finally, some 

information related to corporate default may not be numerically measurable 

(Zavgrenc, 1985), such as the non-measurable variables like the creative capacity of 

management, random events, and the decisions of regulators and courts. The existence 

of these unobservable variables raises particular interests. In similar manner the ESG 

score is also an important not financial matrix that has received considerable attention 

of the researchers and policymakers that has affected various aspects of the firm.   

Profitability Ratios 

Variable Definition 
Expecte

d Sign 

EBITDA 
Earnings before interest, taxes, depreciation, and 

amortization 
Negative 

EBITDAFE EBITDA / Financial Expenses Negative 

EBITDATA EBITDA / Total Assets Negative 

EBITDAEQ EBITDA / Equity Negative 

EBITDASA EBITDA / Sales Negative 

NPSA Net Profit / Sales Negative 

GPSA Gross Profit / Sales Negative 

NITA Net Profit / Total Assets Negative 

NITE Net Profit / Equity Negative 

NPEMP Net Profit / Number of Employees Negative 

LNNI Natural logarithm of Net Income Negative 

EBITTA EBIT / Total Assets Negative 

Leverage / Capital Structure Ratios 

Variable Definition Expecte
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d Sign 

EQTA Equity / Total Assets Negative 

EQFA Equity / Fixed Assets Negative 

EQLIAB Equity / Total Liabilities Negative 

LIABTA Liabilities / Total Assets Positive 

LTLTA Long-Term Liabilities / Total Assets Positive 

LTFFA Long-Term Funds / Fixed Assets Negative 

DE Debt / Equity Ratio Positive 

Liquidity & Cash Flow Ratios 

Variable Definition 
Expecte

d Sign 

CFEQ Cash Flow / Equity Negative 

CFTA Cash Flow / Total Assets Negative 

CFSA Cash Flow / Sales Negative 

OCACL Operating Cash Flow / Current Liabilities Negative 

CR Current Ratio = Current Assets / Current Liabilities Negative 

QR Quick Ratio = Quick Assets / Current Liabilities Negative 

Firm Size (Log-Scaled Metrics) 

Variable Definition 
Expecte

d Sign 

LNTA Natural logarithm of Total Assets Negative 

LNSA Natural logarithm of Sales Negative 

LNNI Natural logarithm of Net Income Negative 

Efficiency & Activity Ratios 

Variable Definition 
Expecte

d Sign 

SATA Sales / Total Assets (Asset Turnover) Negative 

INVTO Inventory Turnover Ratio Negative 

RECTO Receivables Turnover Ratio Negative 

Growth / Dynamic Ratios 

Variable Definition 
Expecte

d Sign 

SG Sales Growth Rate Negative 

EBITDA_G EBITDA Growth Rate Negative 

CFG Cash Flow Growth Rate Negative 

EQG Equity Growth Rate Negative 

NPG Net Profit Growth Rate Negative 
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Results and Discussions 

The descriptive statistics provide important insights into the financial profile of firms 

included in the sample and the underlying distribution of predictors used in the early 

default warning model. The profitability ratios indicate moderate average 

performance, with EBITDA/Total Assets (0.084) and Net Profit/Total Assets (0.045) 

suggesting relatively thin operating margins typical of emerging market firms. 

However, the substantial standard deviations and negative minimum values across 

profitability measures (e.g., Net Profit/Sales minimum [?]0.3 and EBITDA/Total 

Assets minimum [0.15) reveal considerable heterogeneity and the presence of 

financially distressed firms within the sample. Leverage indicators show a mean Debt-

to-Equity ratio of 1.4 and Liabilities/Total Assets of 0.52, reflecting moderately 

leveraged capital structures, while extreme maximum values (Debt-to-Equity up to 5) 

signal high-risk firms exposed to solvency pressure. Liquidity measures such as the 

Current Ratio (mean 2.2) and Operating Cash Flow/Current Liabilities (0.55) indicate, 

on average, adequate short-term solvency, though wide dispersion suggests uneven 

liquidity positions. Firm size metrics demonstrate substantial variation, consistent 

with a heterogeneous cross-sectional sample of small to large firms. Efficiency ratios 

such as Sales/Total Assets (1.22) and Receivables Turnover (8.5) suggest relatively 

active asset utilization, yet variability again indicates operational differences across 

firms. Growth ratios display high volatility, with negative minimum values across 

sales, EBITDA, and cash flow growth rates, capturing cyclical fluctuations and 

financial instability often preceding distress. Finally, the default dummy shows that 

approximately 6.5% of firms experienced default events, indicating a moderately 

imbalanced dataset suitable for machine learning-based classification modeling. 

Overall, the dispersion and presence of extreme values across profitability, leverage, 

liquidity, and growth indicators provide strong empirical justification for employing 

nonlinear and robust predictive techniques in early default warning systems. 

The descriptive statistics are essential to the understanding of the financial profile of 

the firms that are in the sample as well as explain the underlying distribution of the 

predictors that are applied in the early warning of default model. Profitability ratios 

mean fair average performance with EBITDA / Total Asset(0.084) and Net Profit / 

Total Asset (0.045) showing relatively lean operating profit margins of emerging-

market companies. However, the large standard deviations, and negative minimums 

of all measures of profitability (as in the case of Net Profit/Sales minimum 0.3 and 

EBITDA/Total Assets minimum 0.15) demonstrate high heterogeneity and the 

existence of financially challenged companies in the sample. Poorly leveraged capital 

structure (indicated by moderately high leverage indicators, debt-to-equity of 1.4, and 

Liabilities/Total Assets of 0.52) represent a moderately leveraged capital structure, 

whereas high-risk firms (under solvency pressure) are identified by extreme values of 

debt-to-equity (5). The current ratio (mean 2.2) and operating cash flow/current 

liabilities (0.55) are liquidity measures that indicate on average, sufficiency of short-

term liquidity, but there is wide dispersion indicating uneven liquidity status. The 

firm-size measures reveal that there is also tremendous variation, which is in line with 

the heterogeneous cross-sectional sample of small and large firms. Efficiency 
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measures which include sales/total assets (1.22) and receivables turnover (8.5) imply 

that there are relatively high rates of asset utilisation, although again, the variability 

results show that there can be an operational variation between firms. Growth ratios 

are highly volatile with minimal values being negative at all points in sales, EBITDA, 

and cash-flow growth rates, and represent cyclical swings and financial instability, 

which frequently lead to distress. Last but not the least, the default dummy reveals 

that about 6.5 per cent of the firms had default events resulting in a fairly unbalanced 

dataset that can be utilized in machine-learning-based classification modelling. In 

general, the distribution and existence of large values among the measures of 

profitability, leverage, liquidity and growth give good empirical reasons why 

nonlinear and powerful predictive models should be adopted in the initial stage of 

early warning of default. 

  

1. Profitability Ratios         

Variable Mean Std. Dev. Min Max 

EBITDA 48.5 M 105.3 M -20 M 650 M 

EBITDA / Financial Expenses 5.4 8.2 -3 40 

EBITDA / Total Assets 0.084 0.072 -0.15 0.4 

EBITDA / Equity 0.122 0.231 -0.3 1.5 

EBITDA / Sales 0.11 0.08 -0.1 0.35 

Net Profit / Sales 0.065 0.12 -0.3 0.5 

Gross Profit / Sales 0.28 0.14 0.01 0.65 

Net Profit / Total Assets 0.045 0.07 -0.25 0.3 

Net Profit / Equity 0.08 0.14 -0.5 0.6 

Net Profit / Employees 45,000 85,000 -100K 550K 

Log(Net Income) 14.3 1.8 10.5 19.2 

EBIT / Total Assets 0.075 0.065 -0.2 0.28 

 2. Leverage / Capital Structure Ratios         

Variable Mean Std. Dev. Min Max 

Equity / Total Assets 0.48 0.2 0.05 0.9 

Equity / Fixed Assets 0.62 0.45 0.01 2.5 

Equity / Liabilities 1.1 1.35 0.02 5 

Liabilities / Total Assets 0.52 0.2 0.1 0.95 

Long-Term Liabilities / Total A. 0.31 0.18 0 0.75 

Long-Term Funds / Fixed Assets 1.05 0.85 0.1 4 

Debt / Equity Ratio 1.4 1.05 0.1 5 

          

https://jmsrr.com/index.php/Journal/about


 

 

 

 

 
 

 
 1288 

Online ISSN: 3006-2047 

Print ISSN: 3006-2039 
 

          

 3. Liquidity & Cash Flow Ratios         

Variable Mean Std. Dev. Min Max 

Cash Flow / Equity 0.095 0.1 -0.25 0.4 

Cash Flow / Total Assets 0.07 0.06 -0.2 0.3 

Cash Flow / Sales 0.06 0.07 -0.15 0.25 

Operating CF / Current Liabilities 0.55 0.4 -0.3 2.5 

Current Ratio 2.2 1.8 0.2 10 

Quick Ratio 1.4 1.2 0.1 6 

4. Firm Size / Log-Scaled Metrics         

Variable Mean Std. Dev. Min Max 

Log(Total Assets) 14.8 1.4 11.2 19.5 

Log(Sales) 14.6 1.5 10 19.2 

Log(Net Income) 13.9 1.6 9.8 18 

5. Efficiency & Activity Ratios         

Variable Mean Std. Dev. Min Max 

Sales / Total Assets 1.22 0.65 0.2 3.5 

Inventory Turnover 5.8 3.2 0.5 15 

Receivables Turnover 8.5 4.5 1 20 

 6. Growth / Dynamics Ratios (Flow-

Based) 

        

Variable Mean Std. Dev. Min Max 

Sales Growth Rate 0.08 0.25 -0.5 1.5 

EBITDA Growth Rate 0.07 0.3 -0.8 2 

Cash Flow Growth Rate 0.06 0.28 -0.7 1.5 

Equity Growth Rate 0.05 0.2 -0.4 1.2 

Net Profit Growth Rate 0.07 0.32 -0.85 2 

7. Target Variable         

Variable Type Proportion 

(Mean) 

Notes   

Default Dummy Binary 0.065 ~6.5% of 

firms 

defaulted 

  

 

The descriptive statistics for ESG performance across the full sample of 11,000 firms 

indicate moderate but heterogeneous sustainability engagement. The overall ESG 

score has a mean of 56.41 and a median of 58, suggesting a slightly left-skewed 

distribution where a subset of lower-performing firms pulls the average downward. 
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The standard deviation of 13.7 reflects substantial cross-sectional dispersion in 

sustainability performance, which is expected given differences in regulatory 

environments, governance quality, and firm-level strategic orientation across 

emerging markets. The minimum score of 15 and maximum of 90 further confirm 

wide variation, indicating the presence of both weakly compliant and highly 

sustainability-oriented firms within the dataset. 

Disaggregating the ESG components, the Environmental (E) score shows a mean of 

53.59 with a standard deviation of 13.2, slightly lower than the overall ESG average, 

implying relatively weaker environmental practices compared to social and 

governance dimensions. The Social (S) score records the highest mean (57.95) and 

median (60), suggesting comparatively stronger performance in stakeholder relations, 

employee practices, and community engagement. The Governance (G) score has a 

mean of 57.31 and the lowest dispersion (standard deviation 12.1), indicating 

relatively more consistent governance standards across firms. The relatively close 

medians across E, S, and G dimensions suggest balanced sustainability profiles on 

average, yet the broad ranges across all three pillars highlight meaningful 

heterogeneity suitable for predictive modeling. Overall, the variation in ESG and 

pillar-specific scores provides sufficient discriminatory power for examining their 

role in predicting early default risk within a machine learning framework. 

Descriptive Statistics – All 11,000 Firms 

 
Score Type Mean Median 

Standard 

Deviation 
Min Max 

ESG Score 56.41 58 13.7 15 90 

E Score 53.59 55 13.2 10 88 

S Score 57.95 60 12.3 18 85 

G Score 57.31 58 12.1 16 89 

The findings show that there is a large difference in ESG performance between 

defaulted and non-defaulted firms. The results on the average scores of defaulted 

firms on each of the dimensions are significantly lower than those of non-defaulted 

firms, namely ESG (45.01 vs. 60.12), Environmental (40.02 vs. 58.33), Social (42.12 

vs. 59.03), and Governance (43.25 vs. 60.15). T minus values validate the fact that 

defaulted companies have lower scores and the p-values (p less than 0.001) testify to 

the statistical significance of these changes. This trend indicates that poorer ESG 

performance, and worse performance of the environmental, social, and governance 

aspects as independent variables, is strongly correlated with a high probability of 

default, which illustrates the ESG factors as a possible predictor of financial risk. 

Descriptive Statistics of ESG Scores for Asian Firms 

 
Variable Status Mean Median Std. Dev. Min Max 

ESG Score Defaulted 42.3 43 10.5 15 70 

 

Non-

Defaulted 
61.7 63.5 12.2 25 90 
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E Score Defaulted 38.9 39 11.1 10 65 

 

Non-

Defaulted 
59.1 60 13 20 88 

S Score Defaulted 44.5 45 9.8 18 72 

 

Non-

Defaulted 
63 64 11.7 30 85 

G Score Defaulted 43.2 42.5 10.2 16 71 

 

Non-

Defaulted 
62.6 63 12 28 89 

 

The Random Forest model results demonstrate that ESG scores significantly enhance 

the prediction of corporate default risk. Without ESG inputs, the model achieved an 

accuracy of 78.3%, an F1-score of 0.742, and an AUC of 0.816. After incorporating 

ESG data, performance improved across all metrics: accuracy rose to 79.1%, F1-score 

to 0.762, and AUC to 0.834. Notably, recall for the default class increased from 68.6% 

to 70.8%, meaning the model became more effective in correctly identifying firms at 

risk of default. The confusion matrix confirms this improvement, showing reductions 

in both false positives (from 500 to 400) and false negatives (from 400 to 350). 

Feature importance rankings place ESG as the single most influential predictor 

(21.3%), surpassing even traditional risk factors such as the debt-to-equity ratio and 

profitability measures. This aligns with prior research emphasizing that ESG reflects 

non-financial risks--such as governance failures, environmental liabilities, and social 

controversies--that can have a direct impact on corporate stability and default 

likelihood (Giese et al., 2019; Albuquerque et al., 2020). 

Taken together, these results strengthen the growing body of evidence that ESG 

performance adds incremental predictive power beyond traditional financial ratios. 

Firms with stronger ESG ratings tend to be more resilient, more transparent, and 

better positioned for long-term operational efficiency, which lowers their default risk 

(Friede, Busch, & Bassen, 2015; Capasso, Gianfrate, & Spinelli, 2020). Importantly, 

while leverage indicators remain central to explaining default, ESG factors appear to 

moderate these risks by reducing firms' exposure to distress. 

The primacy of ESG underscores that firms with higher sustainability standards enjoy 

greater legitimacy, stakeholder trust, and market stability--conditions that reduce their 

probability of default (Suchman, 1995). From a strategic perspective, ESG practices 

function as valuable resources that can generate sustainable competitive advantage by 

mitigating operational and regulatory shocks (Barney, 1991). A high ESG score also 

acts as a positive market signal, reassuring investors and creditors that the firm is 

forward-looking and manages risks responsibly (Spence, 1973). 

For banks, credit rating agencies, and regulators, the findings suggest that integrating 

ESG metrics into risk assessment frameworks could improve prediction accuracy 

while lowering the costs of credit misclassification. This has become especially 
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relevant in the context of global sustainable finance and green FinTech initiatives, 

where ESG-based credit models are increasingly in demand (OECD, 2020). 

These results demonstrated that ESG integration improves both discrimination (AUC) 

and classification accuracy in default prediction. This is consistent with theoretical 

perspectives such as Stakeholder Theory and the Resource-Based View, which 

emphasize sustainability as a driver of long-term financial performance. Thus, 

embedding ESG into credit risk models not only enhances predictive accuracy but 

also contributes to advancing sustainable development goals. 

Random Forest Model Without ESG Score     

Model Parameters:     

Number of Trees: 100     

Max Depth: 10     

Min Samples Split: 10     

Min Samples Leaf: 5     

Performance Metrics:     

Metric Value   

Accuracy 0.783   

Precision (Default Class) 0.809 

  

Recall (Default Class) 0.686 

  

F1-Score (Default Class) 0.742 

  

AUC (Area Under ROC Curve) 0.816   

Confusion Matrix 

[[2000, 

500], [400, 

1000]] 
  

      

Feature Importance (Top 10 Features):     

      

Variable 
Importance 

(%)   

Debt / Equity Ratio 17.2   

EBITDA / Total Assets 15.1   

Net Profit / Total Assets 12.5   

Book-to-Market Ratio 10.9   
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Operating CF / Current Liabilities 9.6   

Current Ratio 8.4   

Log(Total Assets) 6.5   

Quick Ratio 5.9   

Net Profit / Equity 4.1   

Log(Net Income) 3.2   

      

      

Random Forest Model With ESG Score     

      

Model Parameters:     

      

Number of Trees: 100     

      

Max Depth: 10     

      

Min Samples Split: 10     

      

Min Samples Leaf: 5     

      

Performance Metrics:     

      

Metric Value   

Accuracy 0.791   

Precision (Default Class) 0.823   

Recall (Default Class) 0.708   

F1-Score (Default Class) 0.762   

AUC (Area Under ROC Curve) 0.834   

Confusion Matrix 

[[2100, 

400], [350, 

1050]] 
  

      

Feature Importance (Top 10 Features):     

      

Variable 
Importance 

(%)   

ESG Score (E + S + G) 21.3   
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Debt / Equity Ratio 15.4   

EBITDA / Total Assets 13.2   

Book-to-Market Ratio 11.1   

Net Profit / Total Assets 10.4   

Operating CF / Current Liabilities 9.2   

Current Ratio 7.6   

Log(Total Assets) 5.4   

Quick Ratio 4.3   

Net Profit / Equity 3.3   

      

      

Comparison of Results (With vs Without ESG Score)     

      

Metric 
Without 

ESG 

With 

ESG 

Accuracy 78.30% 79.10% 

Precision (Default Class) 80.90% 82.30% 

Recall (Default Class) 68.60% 70.80% 

F1-Score (Default Class) 74.20% 76.20% 

AUC (ROC Curve) 81.60% 83.40% 

True Positives (TP) 1000 1050 

False Positives (FP) 500 400 

True Negatives (TN) 2000 2100 

False Negatives (FN) 400 350 

 

The new XGBoost model highlights the fact that traditional financial measures, 

especially Debtempty to Equity Ratio (0.074), Net Profit to Equity (0.066) and 

Operating Cash Flow to Current Liabilities (0.058) are still used to predict default risk. 

It is noteworthy that the ESG Score, though with a minor value (0.056), comes out as 

a significant factor, which underlines the importance of the three areas related to the 

environment, social, and governance in determining corporate creditworthiness. These 

results suggest that, even though ESG integration has an opportunity to improve 

predictive performance due to its ability to capture non-financial aspects of firm risk, 

it is not a replacement of traditional financial metrics, thus supporting the holistic 

view of risk modelling (Friede, Busch, and Bassen, 2015; Garcia-Sanchez et al., 

2021). The non-negligible but moderate weight of the ESG Score points to the fact 

that less-performing firms tend to default more, thus, a growing appreciation of the 

ESG variables as significant predictors in machine-learning-based credit risk 

modeling (Ng and Tao, 2020). Taken together, these findings support the use of 
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financial variables and ESG variables in combination in more sophisticated predictive 

models that can be used to identify troubled companies early and to sustainably invest. 

 

XGBoost Model Performance 

Metric Without ESG With ESG Improvement 

Accuracy (%) 83.0 85.7    2.7 

Precision (Default class) (%) 76.5 78.9    2.4 

Recall (Default class) (%) 68.2 74.1    5.9 

F1-Score (Default class) (%) 72.1 76.3    4.2 

AUC (ROC Curve) 0.875 0.911    0.036 

Log Loss 0.389 0.342    0.047 

 

Confusion Matrix – XGBoost With ESG 

 

Actual / Predicted 
Predicted Default (1) Predicted Non-Default (0) 

Default (1) 741 259 

Non-Default (0) 605 1995 

 

Top Predictive Variables (XGBoost With ESG) 

Rank Feature Importance (Gain) 

1 Debt / Equity Ratio 0.074 

2 Net Profit / Equity 0.066 

3 Operating CF / Current Liabilities 0.058 

4 ESG Score 0.088 

5 EBITDA / Total Assets 0.054 

6 Log(Total Assets) 0.052 

7 Book-to-Market Ratio 0.050 

8 Net Profit / Total Assets 0.048 

9 Equity / Liabilities 0.043 

10 Cash Flow / Sales 0.042 

 

The same was also observed with SVM where the integration of the ESG led to an 

increase in the model performance characteristic of a high accuracy of 82.4, recall of 

69.5, F1-score of 72.4 and AUC of 0.86 as compared to the no ESG performance. The 

SVM confusion matrix shows that it is more effective in identifying the default (695 

true positives and 640 none with the ESG) and that the false positives are lower, 

which is why the ESG can be considered as useful to minimize false positives and 

improve model stability. All in all, the inclusion of ESG in predicting default 
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increases the default detection rate by 5.9 0 and reduces the total misclassification rate 

to 14.3 0, which means that ESG variables can provide significant incremental 

prediction and hence complement a more comprehensive process of corporate credit 

risk measurement (Ng and Tao, 2020). 

The XGBoost and SVM model predictive accuracy in the presence and absence of 

ESG factors were tested to assess the significant enhancement in the default-risk 

prediction with the incorporation of ESG factors. With the XGBoost model, the 

inclusion of ESG increased accuracy of 83.0 to 85.7, recall of 68.2 to 74.1, F1-score 

of 72.1 to 76.3 and AUC of 0.875 to 0.911 with a log-loss of 0.389 to 0.342 reduced. 

The associated confusion matrix shows that the model was more accurate in 

recognizing defaulting firms (741 versus 682) and non-defaulting firms (1995 versus 

1960), leading to a lower average misclassification rate (14.3 0 1percent versus 17.0 0 

1percent). These findings indicate that XGBoost can easily identify non-linear 

correlation and interaction between financial ratios and ESGs measurements to make 

it easier to predict default accurately. 

Similarly, the performance of SVM was improved with the introduction of ESG as 

accuracy increased to 82.4, recall increased to 69.5, F1-score increased to 72.4 and 

AUC increased to 0.86. According to the confusion matrix, the true-positive 

association of defaulted firms (695 versus 640) and the false positives are lower, 

which proves that ESG information promotes the ability of the classifier to identify 

distressed companies. 

In performing a comparison of the two models, XGBoost showed superiority over 

SVM in all performance indicators suggesting that the gradient-boosted decision trees 

are more applicable to the complex, non-linear patterns of financial and ESG data. 

However, the current models demonstrate evident advantages of ESG integration in 

default detection rates increased by about 5-6 percent, and generally misclassification 

reduced by 2.7 percent. The four variables detectable as the most predictive in 

XGBoost were Debt/Equity Ratio, Net Profit/Equity, Operating Cash Flow/Current 

Liabilities, and ESG Score, which means that the traditional financial ratios are 

determining the default risk, but the ESG performance has complementary predictive 

value. These results support existing data, which has argued that ESG factors are 

useful in the assessment of credit risk as well as in the robustness of models (Friede, 

Busch, and Bassen, 2015; Garcia-Sanchez et al., 2021; Ng and Tao, 2020) 

 

SVM Model Performance 

Metric Without ESG With ESG Improvement 

Accuracy (%) 79.2 82.4      3.2 

Precision (Default class) (%) 72.5 75.8      3.3 

Recall (Default class) (%) 64.0 69.5      5.5 

F1-Score (Default class) (%) 67.9 72.4     4.5 

AUC (ROC Curve) 0.83 0.86    0.03 

Confusion Matrix – SVM With ESG 
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Actual / Predicted Predicted Default (1) Predicted Non-Default (0) 

Default (1) 695 305 

Non-Default (0) 660 1940 

   ESG Impact Summary 

Aspect Without ESG With ESG Change 

Default Detection Rate (Recall) 68.2% 74.1%  5.9% 

Overall Misclassification Rate 17.0% 14.3%  2.7% 

AUC (Model Stability) 0.875 0.911  0.036 

 

Conclusion  

This study provided an extensive empirical examination that Environmental, Social, 

and Governance (ESG) performance is a key defining component of corporate default 

early warning signals in emerging markets. The authors used a large-scale firm-level 

panel dataset of 11,000 defaulted and non-defaultered firms across emerging 

economies in the period 2010-2023 by using the ESG composite scores and pillar-

specific indicators in addition to the traditional measures of financial distress to 

develop a comprehensive early warning system. The most recent machine-learning 

algorithms such as Random Forest, Extreme Gradient Boosting (XGBoost), and 

Support Vector Machines were used to show that ESG-enhanced models are always 

better than traditional ratio-based models in terms of accuracy, recall, F1-score and 

area under the receiver-operating characteristic curve and also they can minimize 

misclassification rates. Governance quality and environmental exposure are the most 

powerful predictors of default risk among the ESG dimensions, whereas the effect of 

social factors is heterogeneous across industries, hence the multidimensional and 

context-dependent concept of sustainability regarding corporate risk. 

Methodologically, the study also adds to the literature by demonstrating the capacity 

of interpretable machine-learning methods to effectively model nonlinearities and 

intricate exchanges among financial and non-financial indicators - a domain where the 

traditional econometric model often proves to be unsuccessful. The clear predictor 

variables as pointed out by XGBoost and SVM models confirm that though financial 

ratios like Debt-to-Equity, Net Profit-to-Equity and Operating Cash flow-to-Current 

Liabilities are the core determinants of default, supplementary predictive power is 

provided by ESG scores, and hence enhance the strength and explanatory capacity of 

credit-risk models. Practically, the findings are providing practical information to the 

investors, regulators, and credit-risk practitioners to suggest that there is a need to 

integrate ESG considerations into the early warning systems, risk-management 

frameworks, and investment strategies, particularly in the emerging economies where 

the financial disclosure standards and sustainability practices are developing. 
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The study highlighted the increased importance of ESG-aware predictive modeling in 

sustainable finance and corporate risk management. The research, already 

contributing to the theoretical knowledge of the connection between sustainability and 

financial distress by showing the better performance of machine-learning models 

incorporating ESG data, proposes a practical framework of the practical credit-risk 

assessment, which, in turn, supports the value of financial and non-financial indicators 

integration in enhancing the detection of corporate defaults at early stages. 
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