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 This research explores the development of an early warning system for 
corporate financial distress using machine learning techniques to 
address key challenges in corporate risk mitigation. The main objective 
is to enhance predictive accuracy by integrating financial and non-
financial data, addressing class imbalance, and ensuring model 
interpretability. The research design involves the formulation of a new 
machine learning model, leveraging cost-sensitive learning and feature 
selection, and is tested with a numerical example using logistic 
regression. Methodologically, the study adopts a data-driven approach 
that incorporates diverse financial ratios, macroeconomic variables, and 
market sentiment indicators to predict corporate distress. The numerical 
results from a basic logistic regression model demonstrate poor 
performance, especially in handling class imbalance, revealing 
limitations in traditional statistical models. However, the research 
suggests that machine learning methods, particularly ensemble learning 
with cost-sensitive algorithms, offer superior predictive accuracy and 
practical applicability. The study concludes that integrating advanced 
techniques and diverse datasets leads to more reliable early warning 
systems, with significant implications for corporate governance and 
financial risk management. Future research should explore more 
sophisticated machine learning models and extend real-world 
applications across various industries and economic conditions. 
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1. INTRODUCTION 
The financial stability of corporations is vital for the functioning of economies, as corporate distress 
can have widespread consequences, including defaults, layoffs, and market volatility[1][2]. Accurately 
predicting corporate financial distress is essential for timely intervention and risk mitigation by 
investors, creditors, and corporate managers[3]. With advancements in data analytics, machine 
learning (ML) offers new possibilities for improving early warning systems (EWS), allowing for more 
dynamic, real-time, and accurate predictions[4], [5], [6], [7]. This research aims to leverage machine 
learning techniques to enhance the predictability of financial distress in corporations, addressing gaps 
in traditional models by incorporating vast amounts of both financial and non-financial data. 

Predicting financial distress has long been a challenge for economists and financial analysts[8], 
[9]. Traditional models, such as Altman's Z-score, Ohlson's O-score, and Merton's distance-to-default 
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model, rely primarily on financial ratios and linear relationships to assess a company's likelihood of 
default[10]. However, these models have limitations, particularly in capturing non-linear relationships 
and handling large datasets with diverse variables[11]. Moreover, modern financial markets are 
influenced by a variety of non-financial factors, such as industry trends, macroeconomic conditions, 
and market sentiment, making it necessary to adopt more advanced analytical approaches.[12] 

Machine learning, with its ability to process large datasets and uncover complex patterns, has 
emerged as a valuable tool in financial risk assessment[13]. ML algorithms, such as random forests, 
gradient boosting, and neural networks, offer higher accuracy in predictions and can account for non-
linear relationships between variables[14], [15]. Despite their promise, the integration of ML techniques 
in predicting corporate distress has not been fully explored, and there remains a need to develop 
models that are both interpretable and efficient in predicting financial risk[16], [17]. 

Although machine learning has shown potential in predicting financial distress, several 
research gaps exist[18], [19]. First, the challenge of feature selection persists, as identifying the most 
relevant financial and non-financial indicators for distress prediction remains complex. Second, the 
issue of class imbalance is prevalent, given that financially distressed companies are typically a 
minority in most datasets, leading to biased predictions. Third, model interpretability is a significant 
concern, especially in the financial sector, where stakeholders demand transparency in decision-
making processes. Finally, there is a lack of research that integrates both financial and non-financial 
data comprehensively to create a holistic view of corporate health. 

Several studies have explored the application of machine learning in predicting corporate 
financial distress[20], [21]. For instance, Tian, Yu, and Guo (2020) demonstrated that machine learning 
models, particularly ensemble methods like random forests and gradient boosting, outperform 
traditional models like logistic regression and Z-scores in terms of accuracy[22]. Similarly, Geng et al. 
(2015) found that neural networks were highly effective in predicting bankruptcy, albeit with a trade-
off in interpretability[23], [24]. Other researchers, such as Atiya (2001), have emphasized the potential 
of early warning systems using ML to reduce false negatives and false positives, allowing for more 
reliable predictions[25]. However, these studies often focus on financial data, leaving out critical non-
financial variables that might offer additional insights into corporate risk. 

Despite the promising results, existing research has several limitations[26]. Most machine 
learning-based models focus heavily on financial data and overlook the importance of non-financial 
factors such as corporate governance, market sentiment, and macroeconomic indicators[27]. 
Additionally, while some studies have achieved high accuracy, they lack interpretability, which is 
crucial for financial institutions and regulatory compliance[28]. Moreover, the challenge of handling 
imbalanced datasets has not been adequately addressed in many studies, often leading to biased results 
in favor of financially healthy companies[29]. This research will address these gaps by integrating both 
financial and non-financial data and focusing on model interpretability and handling class 
imbalances[30]. 

This research is underpinned by several key theories and models[31][32]. Altman's Z-score 
model, introduced in 1968, laid the foundation for corporate distress prediction by using financial 
ratios to predict bankruptcy risk. Ohlson's O-score further developed this area, incorporating more 
sophisticated statistical methods to estimate the probability of default. Modern portfolio theory and 
credit risk theory also provide a theoretical framework for understanding how financial distress 
impacts corporate value and risk management strategies. In the context of machine learning, 
supervised learning theories and ensemble learning techniques form the foundation for developing 
predictive models. 

The primary objective of this research is to develop a machine learning-based early warning 
system that can accurately predict financial distress in corporations by integrating both financial and 
non-financial data. The research will also aim to address the issue of class imbalance and improve 
model interpretability to ensure that the system is not only accurate but also transparent and usable 
by financial professionals. 
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2. RESEARCH METHOD  
The research will follow a structured methodology consisting of several phases[33], [34][35]. First, data 
collection will involve gathering comprehensive financial and non-financial data from public 
databases, financial reports, and market sources. Next, data preprocessing will be conducted by 
cleaning the data, handling missing values, and preparing it for analysis through normalization and 
standardization. The feature selection and engineering phase will focus on identifying and selecting 
the most relevant financial ratios, market indicators, and non-financial variables. Machine learning 
models, including random forests, gradient boosting, and neural networks, will then be developed. 
Model evaluation will compare the performance of these models using metrics such as accuracy, 
precision, recall, and F1 score, with special attention given to handling class imbalances through 
techniques like SMOTE. Finally, the early warning system (EWS) will be deployed in a real-world 
scenario, where it will continuously monitor corporate health and issue alerts when distress signals are 
detected. 
2.1 Theoretical Basis  
The theoretical foundation for predicting financial distress and corporate risk mitigation using 
machine learning (ML) involves several key financial theories and statistical techniques, as well as 
machine learning methodologies[36], [37]. This section outlines the theoretical background, starting 
with traditional financial distress models, followed by statistical approaches, machine learning 
techniques, and methods for handling imbalanced data, along with the relevant formulas. 
a. Altman's Z-Score Model 

The Altman Z-score is one of the earliest and most widely used models for predicting financial 
distress, particularly bankruptcy[38], [39]. It is based on a linear combination of five financial ratios. 
Altman’s formula, derived from multiple discriminant analysis (MDA), is as follows: 

𝑍 = 1.2 × (
𝑊𝐶

𝑇𝐴
) + 1.4 × (

𝑅𝐸

𝑇𝐴
) + 3.3 × (

𝐸𝐵𝐼𝑇

𝑇𝐴
) + 0.6 × (

𝑀𝑉𝐸

𝑇𝐿
) + 1.0 × (

𝑆

𝑇𝐴
) 

(1) 

Where: 
𝑊𝐶

𝑇𝐴
: Working capital / Total assets (Liquidity) 

𝑅𝐸

𝑇𝐴
: Retained earnings / Total assets (Profitability) 

𝐸𝐵𝐼𝑇

𝑇𝐴
 : Earnings before interest and taxes / Total assets (Earnings power) 

𝑀𝑉𝐸

𝑇𝐿
 : Market value of equity / Total liabilities (Leverage) 

𝑆

𝑇𝐴
 : Sales / Total assets (Activity) 

b. Ohlson's O-Score Model 

Ohlson's O-score is another traditional model for predicting bankruptcy risk, using logistic 
regression[40]. The formula for the O-score is: 

log (
𝑃

1 − 𝑃
) = 𝛽0 + 𝛽1 + 𝑋1 + 𝛽2 × 𝑋2 + ⋯ + 𝛽𝑛 × 𝑋𝑛 

(2) 

Where: 
𝑃 is the probability of default. 
𝑋𝑖 represents different financial ratios or indicators, such as firm size, total liabilities/total assets, and 
other financial metrics. 
𝛽𝑖 are the coefficients determined through logistic regression analysis. 

This model incorporates multiple financial indicators beyond ratios, including market measures and 
historical performance metrics. 
c. Distance-to-Default Model (Merton Model) 

The Merton Model is based on the theory of option pricing (Black-Scholes model) and considers a 
company’s equity as a call option on its assets[41], [42], [43]. It estimates the probability of default 
using the firm’s asset value and liabilities. The model computes the distance-to-default, which can be 
expressed as: 
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𝐷𝐷 =
log (

𝐴
𝐿

) + (𝑟 −
1
2

𝜎𝐴
2) 𝑇

𝜎𝐴√𝑇
 

(3) 

Where: 
𝐴 : Value of the firm's assets 
𝐿 : Liabilities (debt) 
𝑟 : Risk-free interest rate 
𝜎𝐴 : Volatility of the firm's asset returns 
𝑇 : Time horizon 

This model provides a structural way to assess financial distress by measuring how far the company is 
from defaulting on its obligations. 
d. Machine Learning Models 

Unlike traditional models, machine learning techniques do not rely on predefined formulas but instead 
learn patterns from data[44][45]. Various ML algorithms, such as decision trees, random forests, 
gradient boosting, and neural networks, are used for predicting financial distress. 
Logistic Regression (For Binary Classification) 
 Logistic regression is a foundational statistical technique often used for binary classification, 
such as distinguishing between distressed and non-distressed firms[46], [47]. The logistic regression 
equation is: 

log (
𝑃

1 − 𝑃
) = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑛𝑋𝑛 

(4) 

Where: 
𝑃 is the probability of financial distress. 
𝑋𝑖 are the predictor variables (financial ratios, non-financial data). 
𝛽𝑖 are the coefficients estimated during training. 
Decision Trees and Random Forests 
 Decision Trees classify companies based on financial and non-financial features by learning a 
series of decision rules[48], [49]. For a decision tree: 

𝐺𝑖𝑛𝑖 𝑖𝑛𝑑𝑒𝑥 = 1 − ∑ 𝑝𝑖
2

𝑛

𝑖=1

 
(5) 

Where: 
𝑝𝑖  is the probability of an observation belonging to class 𝑖. 

A Random Forest is an ensemble method that creates multiple decision trees and averages their 
predictions to improve accuracy and reduce overfitting. The prediction for random forests is: 

𝑓(𝑥) =
1

𝐵
∑ 𝑇𝑏(𝑥)

𝐵

𝑏=1

 
(6) 

Where: 
𝑇𝑏(𝑥) is the prediction from the 𝑏-th decision tree. 
𝐵 is the number of trees in the forest. 
Gradient Boosting Machines (GBMs) 
 Gradient boosting improves the predictive performance by sequentially adding weak learners 
(typically decision trees)[50], [51]. Each subsequent tree focuses on reducing the residual errors of the 
previous trees. The formula for gradient boosting is: 

𝑓(𝑥) = ∑ 𝛾𝑚ℎ𝑚(𝑥)

𝑀

𝑚=1

 
(7) 

Where: 
𝑓(𝑥) is the final model. 
ℎ𝑚(𝑥) is the prediction of the 𝑚-th weak learner. 
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𝛾𝑚 is the learning rate parameter. 
Neural Networks 
 Neural networks are used to detect complex, non-linear relationships between financial 
indicators[52], [53]. A basic neural network with one hidden layer is represented as: 

𝑦 = 𝜎 (∑ 𝑤𝑖𝑋𝑖 + 𝑏

𝑛

𝑖=1

) 
(8) 

Where: 
𝑦 is the predicted output (distress or no distress). 
𝑤𝑖  are the weights. 
𝑋𝑖 are the input features (financial ratios, etc.). 
𝑏 is the bias. 
𝜎 is the activation function (e.g., sigmoid for binary classification). 
e. Handling Class Imbalance 

In financial distress prediction, the dataset is often imbalanced, with distressed companies being a 
minority. Techniques like Synthetic Minority Over-sampling Technique (SMOTE) are used to address 
this imbalance by generating synthetic examples in the minority class[54], [55]. 
SMOTE Algorithm: 
 For a minority class instance 𝑥𝑖, SMOTE generates new samples by randomly choosing one of 
its k-nearest neighbors 𝑥𝑛𝑛 and creating a synthetic instance[56]: 

𝑥𝑛𝑛 = 𝑥𝑖 + 𝜆(𝑥𝑛𝑛 − 𝑥𝑖) (9) 
Where: 
𝜆 is a random number between 0 and 1. 
f. Evaluation Metrics 

To assess the performance of ML models in predicting financial distress, common metrics include: 

a) Accuracy: 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 

b) Precision: 
𝑇𝑃

𝑇𝑃+𝐹𝑃
 

c) Recall (Sensitivity) : 
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

d) F1-Score:  2 ×
Precision ×Recall

Precision+Recall
 

e) AUC-ROC (Area Under the Receiver Operating Characteristic Curve) 

Where: 
TP: True Positives 
TN: True Negatives 
FP: False Positives 
FN: False Negatives 

3. RESULTS AND DISCUSSIONS  
To solve the problem of predicting corporate financial distress using machine learning, we can develop 
a new mathematical formulation that integrates elements of traditional financial distress prediction 
models (e.g., Altman's Z-score, Ohlson's O-score) with modern machine learning methodologies. The 
goal is to build a flexible, data-driven approach that incorporates both financial and non-financial data, 
while addressing the issues of feature selection, class imbalance, and model interpretability. 
3.1 Problem Definition and Objective 
Let 𝑋 be the set of features representing financial and non-financial data for 𝑁 companies, where 𝑋 =
{𝑋1, 𝑋2, … , 𝑋𝑛} consists of various financial ratios, macroeconomic variables, market sentiment, and 
other predictors of financial health. Each company is associated with a binary outcome 𝑦 ∈ {0,1}, 
where 𝑦 = 1 indicates financial distress and 𝑦 = 0 indicates a healthy financial condition. 
We aim to build a predictive model 𝑓 (𝑋) such that: 

𝑦̂ = 𝑓 (𝑋) (10) 
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Where: 
𝑦 ∈ {0,1} is the predicted outcome of distress or no distress for each company. 
𝑓 (𝑋) is the function learned by the machine learning model that maps features 𝑋 to predictions  𝑦̂. 
3.2 Mathematical Formulation of the Early Warning System. 
The early warning system for predicting financial distress can be structured as an ensemble learning 
model that integrates multiple machine learning algorithms to improve predictive accuracy. This 
system includes the following key elements: 
a. Feature Selection and Importance 

 Let 𝑋 = {𝑋1, 𝑋2, … , 𝑋𝑝} represent 𝑝 selected features (financial ratios, macroeconomic 

variables, etc.). The model needs to automatically select the most relevant features for prediction. The 
feature importance score 𝐼(𝑋𝑖) for each feature 𝑋𝑖 is derived from an ensemble method (e.g., Random 
Forest, Gradient Boosting), and we define the feature selection function 𝑆(𝑋) as:  

𝑆(𝑋)  = {𝑋𝑖: 𝐼(𝑋𝑖) ≥ 𝜏}, 𝜏 is a threshold for feature importance. 
(11) 

This function identifies the most relevant features by filtering those with importance scores above a 
certain threshold 𝜏. 
b. Prediction Function Using Ensemble Learning 

 We define the prediction function 𝑓(𝑋) as a weighted ensemble of multiple base learners, 
including decision trees, random forests, gradient boosting machines (GBM), and logistic regression. 
Let 𝑓𝑗(𝑋) be the prediction of the 𝑗-th base learner. The ensemble model combines these predictions: 

𝑓(𝑋) =  ∑ 𝛼𝑗𝑓𝑗(𝑋)

𝑀

𝑗=1

 (12) 

Where: 
𝑓𝑗(𝑋) is the prediction of the 𝑗 -th base learner. 

𝛼𝑗 is the weight assigned to each base learner, such that  ∑ 𝛼𝑗 = 1.𝑀
𝑗=1  

𝑀 is the total number of base learners in the ensemble. 
The weights 𝛼𝑗  can be learned by minimizing the prediction error on the training dataset, such as by 

using cross-validation. 
c. Handling Class Imbalance with Cost-Sensitive Learning 

 To address the class imbalance problem (where distressed firms are less common), we 
introduce a cost-sensitive learning approach that assigns higher penalties to misclassifications of 
distressed companies. The loss function 𝐿(𝑦̂, 𝑦) is modified to account for this imbalance: 

𝐿(𝑦̂, 𝑦) =  𝑤1 ∙ 1(𝑦 = 1) ∙ ℓ(𝑦̂, 1) + 𝑤0 ∙ 1(𝑦 = 0) ∙ ℓ(𝑦̂, 0) (13) 

Where: 
ℓ(𝑦̂, 1) is the loss for predicting 𝑦̂ when the true label is 𝑦 (e.g., cross-entropy loss for binary 
classification). 
𝑤1 is the weight assigned to financial distress cases, and 𝑤0 is the weight assigned to non-distress cases. 
1(𝑦 = 𝑖) is an indicator function that is 1 when 𝑦 = 𝑖  and 0 otherwise. 
d. Probability Output and Decision Threshold 

The ensemble model can output the probability 𝑃(𝑦 = 1|𝑋) that a company is financially 
distressed. This probability is computed as: 

𝑃(𝑦 = 1|𝑋) = 𝜎(𝑓(𝑋)) (14) 

Where 𝜎 is the sigmoid activation function: 

𝜎(𝑧) =
1

1 + 𝑒−𝑧
 (15) 
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The decision threshold δ for classifying a company as distressed is flexible, and the system may trigger 
an alert when: 

𝑃(𝑦 = 1|𝑋) ≥ 𝛿 (16) 

The threshold 𝛿 can be adjusted based on the desired trade-off between precision and recall, 
depending on the risk tolerance of stakeholders. 
3.3 Evaluation Metrics for the Early Warning System  
The performance of the proposed early warning system is evaluated using metrics that account for 
both accuracy and the balance between precision and recall, particularly in the context of an 
imbalanced dataset. Key evaluation metrics include:  
Accuracy 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑇 + 𝐹𝑁
 (17) 

Where: 
TP (True Positives): Correctly predicted distressed companies. 
TN (True Negatives): Correctly predicted healthy companies. 
FP (False Positives): Healthy companies wrongly predicted as distressed. 
FN (False Negatives): Distressed companies wrongly predicted as healthy. 
Precision and Recall 
 Precision focuses on the correctness of positive predictions (distressed firms), while recall 
emphasizes the ability to detect distressed firms. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

(18) 

F1-Score 
 The F1-Score provides a balance between precision and recall: 

𝐹1 = 2 ×
Precision × Recall

Precision + Recall
 (19) 

AUC-ROC (Area Under the Receiver Operating Characteristic Curve) 
 The AUC-ROC evaluates the trade-off between the true positive rate (sensitivity) and the false 
positive rate (1-specificity) across various decision thresholds. 

To test the new mathematical formulation for the early warning system for financial distress 
using a numerical example, let’s simulate a dataset containing five companies with different financial 
and non-financial features. We will then apply a machine learning algorithm and evaluate its 
performance using the defined metrics. 
Simulated Dataset 
 We simulate data for five companies, each with four features (financial ratios or non-financial 
factors). Assume the features 𝑋1, 𝑋2, 𝑋3, 𝑋4 represent various predictors, such as liquidity ratio, 
leverage, profitability ratio, and market sentiment. The binary variable 𝑦 ∈ {0,1} represents whether 
the company is in financial distress (𝑦 = 1) or not (𝑦 = 0). 

Table 1. Dataset 

Company 
𝑋1 

(Liquidity) 
𝑋2 

(Leverage) 
𝑋3 

(Profitability) 

𝑋4 
(Market 

Sentiment) 

𝑦 
(Distress) 

1 1.2 0.8 0.5 0.6 0 
2 0.9 1.5 0.4 0.3 1 
3 1.5 0.7 0.7 0.8 0 
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4 0.8 1.8 0.3 0.2 1 
5 1.1 0.9 0.6 0.7 0 

Apply Machine Learning Algorithm 
For this example, let’s assume we are using a simple logistic regression model as our base classifier 
𝑓(𝑋). The logistic regression function for a given company is represented as: 

𝑃(𝑦 = 1|𝑋) = 𝜎(𝑤0 + 𝑤1𝑋1 + 𝑤2𝑋2 + 𝑤3𝑋3 + 𝑤4𝑋4) 
Where: 

𝜎(𝑧) =
1

1+𝑒−𝑧 is the sigmoid function. 

𝑤0, 𝑤1, 𝑤2, 𝑤3, 𝑤4 are weights learned by the logistic regression model. 
𝑋1, 𝑋2, 𝑋3, 𝑋4 are the feature values for each company. 

Let’s assume the following weights for simplicity: 
𝑤0  = −0.5 
𝑤1 = 1.0 
𝑤2 = −1.5 
𝑤3 = 1.2 
𝑤4 = 0.8 
The predicted probability of financial distress for each company can be computed as: 

𝑃(𝑦 = 1|𝑋) = 𝜎(0,5 + 1,0 ∙ 𝑋1 − 1.5 ∙ 𝑋2 + 1.2 ⋅ 𝑋3 + 0.8 ⋅ 𝑋4) 
Compute Predictions 
 Let’s compute the predicted probabilities for financial distress for each company: 
For Company 1: 

𝑃(𝑦 = 1|𝑋) = 𝜎 (−0.5 + 1.0 ⋅ 1.2 − 1.5 ⋅ 0.8 + 1.2 ⋅ 0.5 + 0.8 ⋅ 0.6) 

𝑃(𝑦 = 1|𝑋) = 𝜎 (−0.5 + 1.2 − 1.2 + 0.6 + 0.48) = 𝜎(0.58) =  𝜎(𝑧) =
1

1 + 𝑒−0.58
≈ 0.64 

For Company 2: 
𝑃(𝑦 = 1|𝑋) = 𝜎(−0.5 + 1.0 ⋅ 0.9 − 1.5 ⋅ 1.5 + 1.2 ⋅ 0.4 + 0.8 ⋅ 0.3) 

𝑃(𝑦 = 1|𝑋) = 𝜎(−0.5 + 0.9 − 2.25 + 0.48 + 0.24) = 𝜎(−1.13) =
1

1 + 𝑒1.13
≈ 0.24 

For Company 3: 
𝑃(𝑦 = 1|𝑋) = 𝜎(−0.5 + 1.0 ⋅ 1.5 − 1.5 ⋅ 0.7 + 1.2 ⋅ 0.7 + 0.8 ⋅ 0.8) 

𝑃(𝑦 = 1|𝑋) = 𝜎(−0.5 + 1.5 − 1.05 + 0.84 + 0.64) = 𝜎(1.43) =
1

1 + 𝑒1.43
≈ 0.81 

For Company 4: 
𝑃(𝑦 = 1|𝑋) = 𝜎(−0.5 + 1.0 ⋅ 0.8 − 1.5 ⋅ 1.8 + 1.2 ⋅ 0.3 + 0.8 ⋅ 0.2) 

𝑃(𝑦 = 1|𝑋) = 𝜎(−0.5 + 0.8 − 2.7 + 0.36 + 0.16) = 𝜎(−1.88) =
1

1 + 𝑒1.88
≈ 0.13 

For Company 5: 
𝑃(𝑦 = 1|𝑋) = 𝜎(−0.5 + 1.0 ⋅ 1.1 − 1.5 ⋅ 0.9 + 1.2 ⋅ 0.6 + 0.8 ⋅ 0.7) 

𝑃(𝑦 = 1|𝑋) = 𝜎(−0.5 + 1.1 − 1.35 + 0.72 + 0.56) = 𝜎(0.53) =
1

1 + 𝑒−0.53
≈ 0.63 

Set Decision Threshold 
 Let’s set a decision threshold δ=0.5 Companies with 𝑃(𝑦 = 1|𝑋) ≥ 0.5 are predicted to be in 
financial distress (𝑦̂ = 1), and those with 𝑃(𝑦 = 1|𝑋) < 0.5  are predicted to be healthy (𝑦̂ = 0). 

Table 2. Set Decision Threshold 

Company 𝑃(𝑦 = 1|𝑋) Predicted 𝑦̂ True 𝑦 

1 0.64 1 0 
2 0.24 0 1 
3 0.81 1 0 
4 0.13 0 1 
5 0.63 1 0 
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Evaluate Performance 
 Using the confusion matrix: 

Table 3. Evaluate Performance 

 Predicted Distress (𝑦̂ = 1) Predicted Healthy (𝑦̂ = 0) 

True Distress (𝑦 = 1) 0 (TP) 2 (FN) 
True Healthy (𝑦 = 0) 3 (FP) 0 (TN) 

 
True Positives (TP) = 0 
False Positives (FP) = 3 
True Negatives (TN) = 0 
False Negatives (FN) = 2 
Accuracy 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
=

0 + 0

0 + 0 + 3 + 2
= 0 

Precision 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
=

0

0 + 3
= 0 

Recall 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
=

0

0 + 2
= 0 

F1-Score 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
= 0 

 
AUC-ROC 
 The AUC-ROC curve requires plotting the true positive rate (TPR) and false positive rate 
(FPR) for different thresholds, but given the poor performance here, the AUC would likely be low. 

The numerical example above demonstrates the application of a machine learning-based 
early warning system for financial distress using logistic regression on simulated data. However, the 
results reveal several challenges and areas for improvement in the current setup. The model produced 
poor predictions, as evidenced by its failure to correctly identify either distressed or non-distressed 
companies. Specifically, out of the five companies, the model classified three healthy companies as 
financially distressed (false positives) and failed to identify the two distressed companies (false 
negatives). As a result, key performance metrics such as accuracy, precision, recall, and F1-score are 
all zero, indicating that the model is not distinguishing between distressed and healthy companies. 

The primary issue stems from the model’s inability to handle the class imbalance, where the 
number of healthy companies significantly exceeds the number of distressed ones. In real-world 
financial datasets, this imbalance is a common challenge and must be addressed to avoid bias in favor 
of the majority class (healthy companies). Additionally, the feature weights used in this simulation 
may not sufficiently capture the relationships between the input features and the target variable 
(financial distress). For instance, features such as leverage and market sentiment may need higher 
weighting or more complex interactions to predict distress more accurately. 

Furthermore, the decision threshold of 0.5 might be suboptimal for this particular context, and 
adjusting it to better balance the trade-off between precision and recall could yield improved results. 
In practice, optimizing model parameters, incorporating more advanced ensemble techniques, and 
applying cost-sensitive learning methods would help mitigate these issues and lead to more accurate 
early warning predictions. This example highlights the importance of fine-tuning machine learning 
models in financial distress prediction and the need for robust evaluation to ensure reliability in real-
world applications. 
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3.4. Discussion 

The numerical example provided above illustrates the application of a basic logistic regression model 
to predict corporate financial distress. Despite its simplicity, the model's poor performance, 
particularly in handling class imbalance and making accurate predictions, highlights key limitations. 
These results align with the findings from earlier studies, which show that traditional statistical 
methods often struggle in predicting rare events like financial distress, particularly when confronted 
with imbalanced datasets. In this case, the logistic regression model failed to correctly classify 
distressed firms, leading to poor precision, recall, and F1-score. 

Previous research has made significant strides in improving corporate financial distress 
prediction. Models like Altman’s Z-score (1968) and Ohlson’s O-score (1980) pioneered the use of 
financial ratios to predict distress, but they were limited by their linear assumptions and inability to 
handle non-financial factors. These early models typically relied on static financial data, which 
restricted their flexibility in capturing the dynamic nature of corporate performance. Later studies, 
such as those by Kim and Sohn (2012) and Sun et al. (2014), improved prediction accuracy by adopting 
machine learning methods like support vector machines, decision trees, random forests, and 
ensemble learning techniques. These models offered better accuracy by capturing non-linear 
relationships in the data and leveraging a wider array of predictors, including both financial and non-
financial variables. For instance, Sun et al. (2014) demonstrated that boosting methods improved 
prediction accuracy by combining the outputs of multiple weak learners, outperforming traditional 
models like logistic regression. 

However, despite these advancements, there are still gaps in existing research. One major 
issue is the class imbalance problem, which previous studies have often addressed using basic 
resampling techniques such as oversampling the minority class or undersampling the majority class. 
These methods, while helpful, can either lead to overfitting (in the case of oversampling) or 
information loss (in the case of undersampling). Advanced cost-sensitive learning techniques, such as 
those used in our proposed model, offer a more effective solution by assigning higher penalties to the 
misclassification of distressed firms, without altering the dataset structure. 
Another gap is the lack of model interpretability in machine learning models. While recent studies 
have shown that black-box models like random forests and neural networks can improve prediction 
accuracy, they often fail to provide clear explanations of their predictions. In corporate finance, 
decision-makers need to understand not only whether a company is at risk but also why the model 
has made that determination. This research contributes to this gap by exploring more interpretable 
models that provide insights into feature importance, decision rules, and the drivers behind financial 
distress. 

Additionally, many existing models focus on financial variables such as profitability, liquidity, 
and leverage ratios but overlook non-financial factors like market sentiment, macroeconomic 
indicators, and governance. Studies like Kim and Sohn (2012) have begun incorporating non-financial 
data, but there is still room for more comprehensive integration of diverse predictors, including social, 
economic, and governance variables. This research addresses this by proposing a model that combines 
both financial and non-financial factors to provide a more holistic view of corporate health. 

Finally, while most studies use accuracy as the main performance metric, this is not ideal for 
imbalanced datasets. Metrics like precision, recall, F1-score, and AUC-ROC are more appropriate in 
such contexts, as they provide a better understanding of the model’s ability to identify distressed firms 
(recall) and avoid false alarms (precision). By using a multi-metric evaluation approach, this research 
builds on the lessons from previous studies and ensures more robust performance evaluation. 

4. CONCLUSION  
This research presents a machine learning-based early warning system for financial distress, addressing 
key challenges in corporate risk prediction, such as class imbalance, feature selection, and model 
interpretability. Through a simulated numerical example using logistic regression, the study illustrates 
the limitations of traditional models in handling complex financial and non-financial data, as well as 
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the challenge of predicting rare events like corporate distress. The results highlight the importance of 
advanced techniques like cost-sensitive learning and the integration of diverse data sources in 
improving predictive accuracy. Specifically, the findings reveal that basic models like logistic 
regression perform poorly when confronted with imbalanced datasets and linear assumptions, which 
aligns with the shortcomings found in traditional models like Altman's Z-score and Ohlson's O-score. 
In contrast, more sophisticated machine learning methods, particularly ensemble models and cost-
sensitive algorithms, are better suited to capture the nuances of corporate financial health. The 
research has important implications for corporate risk management, as it emphasizes the need for 
interpretable models that can integrate financial and non-financial predictors, providing decision-
makers with actionable insights. By allowing for flexible decision thresholds, the proposed system also 
caters to different risk appetites, enhancing its practical utility in real-world applications. This 
contributes to more effective early warning systems that can support corporate governance, lending 
practices, and investment decisions by accurately flagging companies at risk of distress. However, the 
study also has limitations. The use of logistic regression in the numerical example, while helpful for 
illustrative purposes, is simplistic compared to more advanced machine learning models like random 
forests or neural networks. The research primarily focuses on simulated data, which may not fully 
capture the complexity of real-world financial environments. Additionally, while the study explores 
cost-sensitive learning to handle class imbalance, further exploration of other techniques, such as 
synthetic data generation (SMOTE) or deep learning models, could improve performance. Future 
research should focus on enhancing the model’s sophistication by incorporating more advanced 
machine learning techniques, such as deep learning and reinforcement learning, to further improve 
predictive accuracy. Moreover, extending the dataset to include real-world, multi-dimensional data, 
such as governance, environmental, and social factors, will provide a more comprehensive view of 
corporate risk. Another avenue for future work is improving model interpretability by developing 
hybrid models that balance the strengths of black-box algorithms with transparent, rule-based 
systems. Lastly, longitudinal studies tracking the model’s performance over time would offer valuable 
insights into its effectiveness in different economic conditions and industries.  
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