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Abstract. With rising business failures in emerging economies like Morocco, 

there is a need for more accurate prediction models. Traditional statistical 

methods often struggle with complex financial data and have been mainly used 

in Moroccan studies. This work aims to fill this gap by applying advanced 

machine learning techniques to improve bankruptcy prediction. 

To address this gap, we apply six machine learning algorithms, DT, XGBoost, 

RF, SVM, MLP, and K-NN to a dataset of 124 Moroccan manufacturing firms 

for two years, 2018 and 2017. Using financial ratios as predictors and k-fold 

cross-validation for evaluation, 

The study’s findings show that tree-based models, mainly RF, XGBoost, and DT, 

had the best performance and most consistent accuracy across both prediction 

horizons (t-1, t-2) in identifying early signs of financial distress, such as accounts 

receivable turnover, intangible assets ratio, and ratio of sales to assets, while the 

SVM, MLP, and K-NN had lower levels of reliability, particularly at t-2, and had 

lower levels of recall and greater uncertainty concerning their predictions. The 

present study demonstrates the effectiveness of advanced machine learning in 

predicting bankruptcy at an early stage in developing countries and emerging 

markets such as Morocco, and provides crucial information to banks and other 

stakeholders, who are interested in understanding the strengths and weaknesses 

of each model. This can further enhance their ability to manage risk with a better 

understanding of local economic realities and industry settings. 

Keywords: Corporate Failure Prediction, Risk Management, Machine 

Learning, 
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1 INTRODUCTION  

The need to maintain a business is especially important during times of volatility, un-

certainty, complexity, and ambiguity. In such circumstances, failure prediction models 

can act as powerful auditing and risk management aids to business managers [1]. Fore-

seeing a business’s impending failure is a multifaceted concern for many stakeholders, 

such as creditors, managers, shareholders, and banks, especially in developing coun-

tries like Morocco, where a business failure brings with it dire socio-economic reper-

cussions. The impact can be seen in the fact that after a brief slowdown in 2018, busi-

ness failure in Morocco increased by 5% in 2019, reaching 8489 cases1. Over the past 

ten years, the number of bankruptcies has more than doubled, highlighting the need for 

reliable forecasting models to assess company finances, reduce uncertainty, and help 

make better decisions. 

Interest in creating predictive models has grown a lot in both academic and professional 

fields [2]. This topic has received considerable attention, starting with the pioneering 

works of [3] and [4] . [5]  and [6] provided some of the earliest definitions, focusing on 

a firm’s ability to meet its obligations on hand with available assets. Along similar lines, 

[7] described financial distress as the situation where firms are unable to fulfil their 

financial commitments. Although earlier researchers like [5] and [8] pioneered the prac-

tice of predicting bankruptcy with financial ratios, the progress in data accessibility and 

computational efficiency demands an integrated approach that combines traditional fi-

nance with modern machine learning techniques. 

The integration of recent advancements in data science and artificial intelligence tech-

nologies has significantly changed the approach to bankruptcy prediction. Traditional 

methods have started to be completed by, or at least augmented with, machine learning 

techniques and hybrid systems. Artificial neural networks [9], support vector machines 

[10], decision trees Frydman [11], and genetic algorithms [12]  have been widely 

adopted because of their adeptness at capturing complex relationships and processing 

intricate high-dimensional datasets [13, 14]. Despite all these advances, no model is 

considered the most effective in every case because the context as well as the nature of 

the data greatly influences the choice [13]. 

To address this, we have developed an integrated conceptual framework in Appendix 1, 

which includes financial ratios as indicators of the firm’s performance and distress, 

together with six supervised machine learning models. This includes Decision Trees 

(DT), Random Forest (RF), eXtreme Gradient Boosting (XGBoost), Support Vector 

Machine (SVM), Multi-Layer Perceptron (MLP), and K-Nearest Neighbours (KNN). 

This view combines the merit of classical theories, which provide basic explanatory 

insights, and the machine learning predictive power through recognition and learning 

of patterns [13, 15]. 

Recent studies support this combined approach. In particular, [13] and [1] argue that 

combining financial theory with machine learning creates stronger predictive models, 

especially in uncertain situations. As noted by [16], emerging markets possess data and 

structural complications, and advocate for the use of hybrid frameworks to resolve 

1  https://archive.challenge.ma/une-augmentation-des-faillites-de-5-en-2019-128695/  
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those issues. Additionally, [2] suggests that IA methods can handle the failure of tradi-

tional assumptions like normality and linearity, thus allowing traditional models to be 

replaced or supplemented by more adaptive, data-driven models. This conceptual inte-

gration strengthens the theoretical foundation of financial failure analysis and supports 

the use of AI-based models in emerging markets, where traditional assumptions may 

not always apply. 

The remainder of this paper is structured as follows. Section 2 presents the literature 

review. Section 3 provides the methodology used. Section 4 defines the empirical re-

sults of the models and the comparison between them. The fourth section presents the 

conclusions. 

2 PREVIOUS WORK  

Beaver’s work in 1966 was pioneering for examining business failure by showing clear 

differences between healthy and failing companies using financial ratios. However, the 

descriptive and non-combinatorial nature of his approach quickly revealed its limita-

tions. His shortcoming was remedied by [8], who proposed using the linear discrimi-

nant analysis (Z-score) in a multidimensional context. While this method allowed for 

the combination of several variables simultaneously, its accuracy was questioned when 

tested on other samples, showing a weaker performance compared to Beaver’s Model. 

[17] then suggested using logistic regression, which is adaptable to data that does not 

follow a normal distribution, a common issue in discriminant analysis [18]. 

The non-parametric methods were a major advance. [11] proposed the introduction of 

decision trees, which removed the traditional statistical limitations and performed better 

in classification and interpretability. This shift opened the door to the development of 

artificial intelligence (AI) techniques, such as neural networks and machine learning 

algorithms. 

[19] were among the first to directly compare the performances of the traditional ap-

proaches (MDA) to artificial neural networks. They find that neural networks yield bet-

ter predictions at longer prediction horizons, while MDA is more effective for predict-

ing failures in the near future. Their findings present an important methodological con-

tradiction, which has been the focus of considerable discussion since. [20]  expanded 

on this by testing several algorithms—SVM, Random Forest, and boosting in a diverse 

sample from North America. Their analysis demonstrates a clear superiority of machine 

learning approaches, particularly Random Forest (87% accuracy). In their study [20] 

also partially invalidate previous studies such as [21], which favored SVMs. This het-

erogeneity of results highlights the importance of empirical context, algorithm param-

eters, and variable selection. At the same time, [22] identified another contradiction: 

the radial kernel non-linear SVMs are relatively superior, but their use in variable se-

lection could cause overlearning; thus, they proposed a hybrid approach involving a 
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linear SVM for selection and a non-linear SVM for prediction, raising issues about the 

usefulness of stepwise selection approaches, which are still used in numerous studies. 

Most of this research has been conducted in North American [20], Asian [22], and Eu-

ropean contexts, which provides a challenge to the transferability of the models to 

emerging countries. This gap is all the more concerning in that accounting, legal, and 

economic environments are dissimilar, which will influence the constancy of the mod-

els as predictors. This is particularly evident in the study by [23] on the UK companies. 

Although their Random Forest model performs better than others, the study does not 

explain the reasons behind the differences in performance or the interpretability of the 

results, raising issues about robustness and reproducibility. 

Similarly, [1], focusing on the Turkish context, indicates the importance of combining 

and dividing models by sectors. While artificial neural networks have enhanced perfor-

mance, their lack of transparency makes it hard for decision makers to rely on them. 

This study, as well as previous studies, indicates the perpetual tension between predic-

tive performance and such a trade-off remains unanswered in empirical research. 

In Morocco, despite some initiatives, there is still a gap. Very few studies have system-

atically explored the contribution of artificial intelligence to failure prediction. By com-

paring our work with other studies, the main originality lies in the integration of ad-

vanced techniques for predicting business failure. Indeed, although a number of studies 

have looked at the causes of failure, few have explored the use of artificial intelligence 

(AI) in this area. The majority of studies conducted in Morocco have either adopted a 

qualitative approach or used a single economic method, such as discriminant analysis 

(LDA) or logistic regression (LR), without including AI in their analysis. For example, 

although [24] study provides useful information for understanding the prediction of 

business failure, it relies on traditional analysis without exploring advanced techniques 

such as AI, which better capture the complex dynamics of failure. Similarly, the pre-

diction of Moroccan firm failure was studied by [25] using traditional models. 

Another source of originality in our work lies in the business failure criterion used: we 

based our study on the legal process of declaring failure. The companies selected in our 

sample are those that have formally declared their insolvency, an official process that 

implies recognition of their inability to continue their activities and honour their debts. 

This method ensures that the companies in our sample really are failing. On the other 

hand, previous studies, such as those by  [24, 25] have often been limited to definitions 

based on banking criteria, such as late payments or solvency vis-à-vis creditors, which 

are insufficient to determine whether a company is really in a situation of insolvency. 

For example, a company may be in a situation of late payment without being legally 

declared to be in default, which makes it difficult to identify the precise nature of the 

default. 

This evolving landscape reflects a shift from traditional statistical methods to advanced 

machine learning techniques, where ensemble models and deep learning architectures 

increasingly surpass classical approaches in corporate failure prediction. The following 

Erreur ! Source du renvoi introuvable. presents a comparative overview of these 

methods, emphasizing their methodologies, data types, and key findings. 



Table 1. Comparative Overview of Machine Learning and Deep Learning Approaches in Cor-

porate Failure Prediction. 

Study Model Methodology Type Data Country/Region Year of study Work 

[26] 

LDA,LR,SV

M,K-NN, 

ANN 

TS, ML Financial Data Morocco 2018 Evaluating Financial 

Prediction Models for 

Business 

Failure in Moroccan In-

dustrial Firms: Analysis 

and Strategic Implica-

tions 

[27] BL, ML,NN TS, ML Financial and 

non financial 

Data 

Estonia, France, Croatia, 

Hungary, Slovenia 

2018-2020 Exporters’ failure pre-

dictors and processes: a 

multi-country analysis 

based on the theoretical 

concept of firms’ finan-

cial crisis types 

[23] DH model, 

BMA‐DH, 

LASSO‐DH, 

Naive 

Bayes,k‐

NN,SVM,RF 

ML Financial Data UK 1994-2019 Modelling failure rates 

with machine-learning 

models: Evidence from 

a panel of UK firms 

       

[28] XGBoost,XG

Boost-W 

ML Financial Data china 2001-2019 Expected Loan Loss 

Provisioning: An Em-

pirical Model 

[29] Discrete haz-

ard model, 

Deep learning 

model 

DL Financial Data US 2001-2018 Corporate Bankruptcy 

Prediction: An Ap-

proach towards Better 

Corporate World 

[30] MLP-6 + 

SMOTE-ENN 

DL Financial and 

non financial 

Data 

Spain, Taiwan, Poland NA Comparing the Perfor-

mance of Deep Learn-

ing Methods to Predict 

Companies' Financial 

Failure 

[31] 

SMOTE, 

SMOTEbag-

ging,SMOTE-

Boost 

ML Financial Data US 2015-2018 Predicting firm failure 

in the software industry 

[32] Bayes, 

LogR,SVM,M

LP, 

KNN,J4.8,Ra

ML,TS Financial Data France 2002-2006 Towards tangible bene-

fits of corporate failure 

prediction with business 

sector: A comparative 

study 
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ndF,DecT,Ba

gT,Ave 

[33] 

SVM, PCS, 

BSE, and 

BPCSE 

HM NA Germany, Austria, and Ja-

pan 

2000-2010 The assisted prediction 

modelling frame with 

hybridisation and en-

semble for business risk 

forecasting and an im-

plementation 

 

3 Materials and Methods 

3.1 Sample 

 

To evaluate the performance of business failure prediction models, the relevance of 

sample selection, the definition of failure and the selection of prediction horizon are 

important [33]. As the model was to be fed with financial data as variables, the data 

were obtained from the Moroccan industrial and commercial court. The sample selec-

tion process adhered to the following criteria: (1) The distinction between failed and 

healthy firms was primarily based on the Moroccan legal definition of bankruptcy2 [27]. 

(2) The study specifically focused on Moroccan manufacturing companies, divided into 

seven subsectors (Table 2). As is the industrial sector, which is considered the most 

affected by insolvency [34]. (3) The predictive model has a time horizon restricted to 

2018 and 2017, two years before failure. We excluded companies that declared bank-

ruptcy after 2019 due to the major global events that followed, such as the COVID-19 

pandemic, inflationary pressures and geopolitical tensions, which profoundly disrupted 

the global business climate. The final sample includes 40 companies that failed in 2019 

and 84 healthy ones during the same period. (4) The 5-fold cross-validation was em-

ployed to assess the performance of our classification model. The dataset was randomly 

partitioned into five equal subsets. In each iteration, one of these subsets was used for 

validation, and the other four subsets were combined to produce training data. This 

process was repeated five more times, such that each subset was reserved once for val-

idation. This technique increases the accuracy of the predictor by decreasing fluctuation 

and providing a more comprehensive assessment. The outcomes for these validation 

techniques are provided in associated tables. 

Table 2. Sample Distribution of Manufacturing Subsectors: Healthy vs. Failed Enterprises 

Subsector Healthy Failed 

 
2  According to book V of law no. 15-95 forming the Commercial Code in Morocco, the failure 

of a business is legally defined as the declaration of cessation of payment to the competent 

commercial court, following articles 560 and 561 
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Agro-food Industry 20 8 

Textile/Clothing 16 9 

Construction 14 4 

Metallurgy and Manufacturing of Metal Products 10 10 

Electronics/Electricity 8 0 

Energy and Natural Resources 8 0 

Miscellaneous 8 9 

Total number of companies 84 40 

3.2 Features selection  

Financial analysis is becoming increasingly important for assessing a company's finan-

cial health. It enables the identification of both the company's strengths as well as its 

weaknesses, aspects that may offer significant problems in the future [35]. Thus, using 

financial analysis to determine the financial strength of a business may be a very useful 

diagnostic tool for predicting a company's financial health [36]. In this regard, the de-

pendent variable is mainly a dichotomous variable for the dependent variable catego-

rized by two criteria. Healthy firms are assigned 0 or failed firms are denoted 1, which 

will be principally explained by 32 financial ratios most frequently employed in the 

literature on business failure, which we have classified into seven categories to improve 

the interpretability of the results as shown in the table below: 

Table 3. Financial Ratios for Predictive Modelling. 

Heading level Example Font size and style 

Liquidity Ratios R1: Cash / Total Assets [37] 

 R2: Working Capital / Total Assets [38] 

 R5: Operating Cash Flow / Total Debt [39] 

 
R6: Quick Ratio = Availability/Current liabili-

ties 
[40] 

 
R7: Current Ratio = (Current Assets – Invento-

ries) / Current Liabilities 
[5, 41] 

Solvency &Leverage 

Ratios 

R8: Total Debt / Equity [42, 43] 

 R17: Short-Term Debt / Equity [40] 

 R19: Total Liabilities / Total Assets [38] 

 R20: Financial Expenses / Total Assets [37, 42] 

 R21: Total Debt / (Total Debt + Equity) [39, 42] 

 R23: Total Debt / EBITDA [39] 

Profitability Ratios R9: EBITDA / Total Assets [38, 42] 

 R10: EBIT / Total Assets [38] 

 R11: Net Profit / Total Assets  [42] 



firms  
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R12: Net Income / Sales 

R13: Retained Earnings / Total Assets 

R14: Return on Equity = Net Profit / Equity 

R15: Cash Flow / Turnover 

R16: EBITDA / Turnover 

[37, 42] 

[40] 

[44] 

[39] 

[39] 

Coverage Ratios R4: ln(EBITDA / Interest Expense) [38, 42] 

 R22: Interest Charges / Turnover [42, 45] 

Efficiency Ratios R18: Trade Creditors / Total Assets [45] 

 R24: Trade Creditors / Trade Debtors [42] 

 R25: Tax Expense / Total Assets [42, 45] 

 R28: Net Credit Sales / Average Receivables [41, 46] 

 
R29: 360 / (Net Credit Sales / Average Receiv- [41, 46] 

 

ables) (Average Collection Period) 

R30: Cost of Goods Sold / Average Inventory [41, 46] 

 

(Inventory Turnover) 

R31: 360 / (COGS / Average Inventory) (Days 

Sales of Inventory) 

[41, 46] 

 R32: Sales / Total Assets (Asset Turnover) [37] 

characteristics of R3: Intangible Assets / Total Assets  [45] 

 R26: ln(Total Assets) [38] 

 R27 : ln(Firm Age) [39] 

To make the modelling process more reliable, we follow a clear tree step method to 

address multicollinearity and standardize the data 

Step 1: Missing values represented less than 3% for any given ratio. We applied mean 

imputation to maintain sample integrity without biasing results.  

Step 2: The database was normalised prior to displaying results for comparative pur-

poses and also to improve the models’ performance.  

Step 3: Next, a first-level analysis was performed to check for collinearity problems 

between the variables. We generated a Pearson correlation heatmap to identify highly 

correlated pairs as presented in Fig. 1. 
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Fig. 1. The visualisation of the correlation heatmaps corresponding to the two years ana-lysed 

Step 4: In the following step, multicollinearity was addressed by performing variable 

selection using the variance inflation factor (VIF), excluding variables with VIF greater 

than 10. This procedure has been applied for the two years separately as shown in the 

Table 4, and then we have retained the variables that are mutually shared between both 
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years. As a result, the variables chosen to enter the model are namely R9: Return on 

assets (EBITDA), R31: Days sales of inventory, R27: Age, R18: Trade creditors to 

assets ratio, R32: Ratio of sales to assets, R2: Working capital to assets ratio, R25: 

Income tax to assets ratio, R7: Current ratio, R1: Cash to assets ratio, R28: Accounts 

receivable turnover ratio, R3: Ratio of goodwill to assets, R4: EBITDA interest cover-

age ratio, R24: Ratio of creditors to debtors, R15: Cash flow to turnover ratio. 

Table 4. Variables Retained with Variance Inflation Factor (VIF) Below 10 across 2017 and 

Variable VIF (2018) VIF(2017) 

R27 Age 8.66549801 8.95186196 

R9:  Return on assets (EBITDA) 6.61902561 9.47201526 

R18: Trade Creditors to assets ratio 6.1380432 8.69487 

R31:Days sales of inventory 5.03296746 9.2747843 

R4:EBITDA interest coverage ratio 2.45807688 1.44004677 

R7:Current Ratio  2.00843813 2.24934261 

R25: Income tax to assets ratio 1.97751005 2.62023082 

R23 debt-to-EBITDA ratio 1.7120375 1.60479216 

R2:Working capital to assets ratio 1.37365208 3.42795742 

R24: Ratio of creditors to debtors 1.3286663 1.34937505 

R32:Ratio of sales to assets 1.09164188 7.51646614 

R3:Ratio goodwill/assets 1.03562911 1.47480175 

3.3 Business Failure prediction models 

This study aims to analyse the role of different machine learning algorithms in the fore-

casting of business failure within the Moroccan industrial sector. Given the complexity 

and heterogeneity of financial data, as well as the unique economic environment of 

Morocco, it is important to employ a variety of models that can capture different pat-

terns and nuances associated with firm distress. Additionally, although many of these 

models have been thoroughly validated internationally, their applicability in Morocco 

and developing countries has received little interest. Thus, the present study offers a 

2018 



valuable contribution towards understanding the role and efficacy of these models for 

firms in Morocco through their empirical application. 

In light of the above explanation, we agreed on the following six machine learning 

algorithms: Random Forest, Support Vector Machine, Multilayer Perceptron, K-nearest 

neighbours, Extreme Gradient Boosting, and Decision Trees. This choice was based on 

three key reasons: (1) These models are popular; indeed, they are the best methods for 

predicting bankruptcy, as suggested by the literature; (2) they have different methodo-

logical characteristics; and (3) these models are intended to manage the kind of finan-

cial data that we typically encounter, where financial datasets can exhibit noise, non-

linearity, and imbalance, which we summarise in the table: 
Table 5. Summary of the Characteristics, Assumptions, and Applications of Machine Learning 

Algo-rithms Used in Business Failure Prediction 

Algorithm Strengths Assumptions Suitable Data 

Types 

Supporting Studies 

Random Forest 

(RF) 

Robust; reduces 

overfitting; handles 

high variance well 

Less interpretable; 

longer to train 

Noisy or imbal-

anced tabular data 

[20] 

Support Vector 

Machine (SVM) 

Effective for small 

datasets and non-

linear relationships 

Sensitive to kernel 

and parameter 

choices; possible 

overfitting 

Normalized, non-

linear data 

[26, 47, 48] 

Multilayer Percep-

tron (MLP) 

Captures complex, 

non-linear interac-

tions; good for 

large-scale prob-

lems 

Requires large data; 

black-box nature 

limits interpretabil-

ity 

Large, complex 

quantitative da-

tasets 

Fanning & Cogger (1994); 

[49, 50] 

K Nearest Neigh-

bours 

Simple; no training 

required 

Sensitive to high-di-

mensionality and 

noisy data 

Small, well-sepa-

rated datasets 

[51, 52] 

Extreme Gradient 

Boosting 

High predictive ac-

curacy; handles 

missing values well 

Complex hyperpa-

rameter tuning; risk 

of overfitting 

Structured tabular 

data 

[53] 

Decision Trees Interpretable; fast 

to train 

Prone to overfitting; 

instability with 

small variations in 

data 

Categorical and nu-

merical 

 [54] Still used as a base model in 

ensemble methods 

 

 

 

 

 Random Forests 

Random forests (RF) are a popular method for predicting business failure. [20] as RF 

performs well when integrated with techniques like bagging and boosting. RF can ef-

fectively perform in the presence of complex data structures and reduce overfitting by 
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using many decision trees. [20] studied, on the other hand, highlighted the robustness 

of RF in capturing nonlinear interactions, making it a reliable method for financial dis-

tress prediction. When feature spaces are large and sample sizes are modest, they per-

form well. Because each tree in the random forest is constructed from randomly se-

lected data subspaces, the model is adaptable and effective for a wide range of predic-

tion tasks. 

Random Forests are an ensemble learning technique that combines many decision trees 

to enhance classification and regression tasks [55, 56]. A random forest classifier has 

many classifiers arranged in a tree structure, represented by {h(x,Ɵk ),k=1,2,…} , 

where {Ɵk } are single random vectors distributed identically. In the forest, each tree 

casts a vote for the most popular class based on the input x. 

The performance of a random forest is evaluated on the basis of its margin function 

mg(X,Y); it assesses the accuracy of the correct prediction in comparison to the other 

classes. And can be defined as: 

mg(X,Y) = avgₖ I(hₖ(X)=Y) – maxⱼ≠Y avgₖ I(hₖ(X)=j)              (1) 

Where: X is the input vector, Y the real class in the example X ,hk (X), k tree of the 

random forest which gives a prediction for, I(.) :The indicator function, which returns 

1 if the statement inside is true and 0 otherwise. I(hk (X)=j) is 1 if the tree k correctly 

predicts class 𝑌and 0 otherwise. 〖avg〗_k: Average votes for all the trees in the forest. 

The random forest's generalization error is outlined as follows: 

PE* = P₍X,Y₎(mg(X,Y) < 0)                                          (2)   

With:  〖PE〗^*the probability that the model makes a classification error. P_(X,Y) 

The notation for the probability taken over all observations X (the input data) and Y 

(the true associated classes). (mg(X,Y) The margin function. 

Support Vector Machine 

The literature reveals several studies, such as [57], which showed that SVM is superior 

to traditional models. More recently, [58] developed a low-rank discriminative SVM 

(LRSVM), which enhances classification by identifying a more suitable latent subspace 

than the one obtained through the traditional Linear Discriminant Analysis (LDA) 

method. Additionally, [47] showed that SVM performs better than neural networks in 

forecasting financial failures. However, despite its advantages, SVM results can be in-

fluenced by the quality and quantity of training data. [59] further demonstrated that, in 

certain contexts, SVM can be outperformed by other techniques, such as Convolutional 

Neural Networks (CNN) or Fuzzy Convolutional Neural Networks (FCNN), in recent 

studies. 

The SVM can define a hyper-optimal design that separates different classes of data, 

such as failed and healthy companies, while optimising the margin between support 

vectors [60]. The data points closest to the class separation boundary are used as support 

vectors. The initial data is projected into a higher-dimensional space to detect this 
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hyperplane, using kernel functions such as the linear kernel, polynomial kernel, radial 

basis kernel (RBF) or sigmoid kernel [60, 61]. 

The following equation gives the kernel function for the case of the RBF kernel, which 

is generally used: 

k〖 (x〗_i; x_j)=exp⁡〖(-γ┤‖ x_i-〗 〖x_j ‖〗^2) (3) 

Where, x_i and〖 x〗_(j ) represent two data points. γis a parameter determining the 

influence of a single training point on the model. 

Multilayer Perceptron (MLP) 

The multilayer perceptron (MLP) has been commonly employed to predict firm failure 

and classification [62]. The input layer takes the raw data, the hidden layer processes 

this data using weighted connections, and the output layer produces the predicted re-

sults. [63] employed a combination of clustering techniques and neural networks to 

enhance the accuracy of bankruptcy prediction. MLP works by learning from examples. 

Each time an example is presented to the network, the MLP calculates a predicted out-

put, compares this output with the expected result (or ‘target output’) and adjusts the 

weights of the connections between the layers to minimise the error when the data is 

next presented. 

This adjustment process is called backpropagation, a learning algorithm used to train 

the network.A neuron j therefore calculates a potential Pj, equal to the sum of its inputs 

(X1, X2, ... Xn) weighted by the respective synaptic coefficients (W1, W1,......, W1,) 

to which we add a constant term: the bias bj. The value of the potential Pj is given by 

the following equation: 

 Pⱼ = Σᵢ₌₁ⁿ (Wᵢⱼ Xᵢ + bⱼ)                   (4) 

To this potential, the neuron applies an activation function f, so that the output Yj, cal-

culated by the neuron, is equal to f (Pj), such that: 

Yⱼ = f(Pⱼ) = f(Σᵢ₌₁ⁿ Wᵢⱼ Xᵢ + bⱼ)                      (5) 

Where, Yj  is the dependent variable, f, the activation function, Pj is the result of the 

weighted sum ∑_(i=1)^n〖Wij Xi + bj〗. Wij Represents the weights associated with 

each variable Xi for entityj. Xi are the explanatory variables. 

K Nearest Neighbours 
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[51, 64] demonstrated the effectiveness of the k-NN algorithm in bankruptcy predic-

tion, particularly for small datasets. 

The k-NN method consists of classifying a new observation according to the k nearest 

neighbours in the feature space. This is a non-parametric method often referred to as 

‘lazy learning’ or a memory-based algorithm because it does not create a model before 

execution but each time a prediction request is made. 

The classification equation is given by the following formula: 

 y = argmax_c Σᵢ∈N(z) δ(yᵢ,c)                                  (6) 

Where, y represents the variable to be optimised. And δ (y_i,c):is the Kronecker delta 

function, which is 1 if yi=c, and 0 otherwise. 

Extreme Gradient Boosting 

With the efficiency and robustness, XGBoost has been used extensively in diverse 

fields. In their work, [65] employed XGBoost for feature selection in IDS and compared 

their classification performance on different feature sets. Similiraty, [66] utilized 

XGBoost to improve intrusion detection systems by ranking features relevant to the 

NSL-KDD dataset in terms of importance and comparing their results with other tech-

niques under significant metrics. These studies demonstrate that XGBoost can handle 

feature selection efficiency while achieving high classification accuracy for a variety 

of different applications. These studies highlight XGBoost’s capability to optimize fea-

ture selection and improve classification accuracy across diverse applications. 

The objective function of XGBoost consists of two key components: the loss function, 

which measures the difference between predicted and actual values, and a regulariza-

tion term that controls model complexity, ensuring generalization. 

  L(θ) = Σᵢ ℓ(yᵢ, ŷᵢ) + Σₖ Ω(fₖ)                              (7) 

Decision Trees: 

Decision trees (DTs) are one of the most popular machine-learning techniques for busi-

ness failure prediction due to their intuitive structure and ability to model complex re-

lationships without making any prior assumptions about the distribution of the data. 

They operate by recursively partitioning data into smaller, homogeneous subsets based 

on decision rules, making them particularly useful for classification tasks [67]. 

One of their key advantages lies in their ability to handle nonlinear interactions between 

variables while providing an interpretable decision-making process. Additionally, DTs 

can incorporate misclassification costs, which helps mitigate financial risks associated 
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with incorrect predictions [68]. However, decision trees also present limitations, par-

ticularly in terms of overfitting and sensitivity to data variations. When trees grow too 

deep, they capture noise rather than meaningful patterns, reducing their generalisation 

ability. To address this, pruning techniques are applied to remove unnecessary branches 

and improve predictive performance. The theoretical aspect of decision trees is based 

on the evaluation of the optimal data split as a function of an impurity measure, such as 

the Gini index or entropy. A split is selected by maximising the information gain, de-

fined by: 

 Split_gain = I_parent – Σₖ (Nₖ / N) Iₖ                (8) 

Where, I_parent represents the impurity of the parent node, N_k and I_k correspond 

respectively to the number of observations and the impurity of the child node k, and N  

is the total number of observations in the parent node. 

Performance Metrics 

The most common measure for evaluating the performance of classification models is 

the confusion matrix, also known as a contingency table, is usually represented as a 

two-dimensional table that reflects both the actual classes and the expected classes, 

according to Table 6 : 
Table 6. confusion Matrix 

 Predicted Positive Predicted Negative 

Actual Positive True Positives (TP) False Negatives (FN) 

Actual Negative False Positives (FP) True Negatives (TN) 

After generating the confusion matrix, these terms are used to calculate key indicators 

such as: 

Table 7 Performance Metrics 

Accuracy 

Metrics 

Formula Accuracy Metrics Formula 

Accuracy (TP+TN)/(TP+FP+FN+TN) AUC (Recall + Specificity) / 2 

Precision TP/(TP+PF) G-Mean √(Sensitivity*Specificity) 
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Recall (Sensi-

tivity) 

TP/(TP+FN) Youden's Index  Sensitivity+Specificity-1 

Specificity TN/(TN+FP) MCC (TP*TN -FP*FN) / 

√((TP+FP)(TP+FN)(TN+FP)

(TN+FN)) 

F1 Score 2 *  (Precision*Recall)/(Prec-

sion + Recall) 

Type I Error  FP 

Kappa 
( 𝑃0 −   𝑃)∈/ (1- 𝑃∈) 

Type II Error FN 

4 Results  

This section presents and analyses the empirical results of predictive models applied to 

data from 2017 and 2018. The aim is to evaluate the performance of the models, high-

light the most influential characteristics and analyse classification behaviours. 

4.1 Feature Importance across Models 

The nature of the financial data had to be taken into account in order to understand what 

drives the predictive power of the models (see Table 8). For tree-based algorithms – 

Random Forest, Decision Tree, XGBoost – we used the importance indicators gener-

ated directly by the models, as suggested by the work of [69]. For the others – SVM, 

MLP and KNN – we opted for a more neutral approach: variable permutation [70]. The 

idea? To observe what happens when a variable in the data is perturbed and measure 

how much the model is disrupted. This is a way of assessing, without any preconcep-

tions, the real weight of each indicator in the prediction mechanism. 

This methodological choice, which appears simple, actually allows us to respect the 

logic specific to each family of models – some ‘understand’ the data through rules, 

others through distances or weights, and forcing a unified reading could have biased 

the interpretation. 

2018: the first clear signals 

On the eve of bankruptcy – in 2018 – certain financial ratios stood out in almost all 

tree-based models. The accounts receivable turnover ratio (R28) came out on top, with 

an impressive score of 0.600 in the Decision Tree model. It also ranked highly in 

XGBoost (0.255) and Random Forest (0.175). This very concrete ratio simply indicates 

whether the company is able to convert its receivables into cash smoothly. When this 

slows down, it is never a good sign: either customers are paying late, or the commercial 

policy is too lax. In either case, it is a warning sign. 

Another variable that comes up repeatedly is goodwill relative to total assets (R3). In 

DT (0.200), RF (0.110) and XGBoost (0.100), its presence raises questions. High good-

will can mean that you have paid a high price for assets that are difficult to justify — a 
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poorly negotiated acquisition, an overvalued brand, or simply unproven hopes for the 

future. This may reflect an accounting vulnerability, or even a form of hidden fragility. 

Finally, the cash flow to revenue ratio (R15) completes this trio: 0.180 for DT, 0.085 

for RF and 0.075 for XGBoost. This is a key indicator of a company's financial perfor-

mance, showing the cash flow a company generates from its sales. When it is low, it 

signals difficulties in collecting sales or inefficient working capital management. 

Non-tree models prioritize different variables. SVM, for instance, places emphasis on 

cash-to-assets (R1) (0.85), trade creditors to assets (R18) (0.70), and cash flow to turn-

over (R15) (0.45), reflecting a stronger reliance on short-term liquidity and solvency 

indicators. MLP assigns higher importance to R18 (0.185), EBITDA interest coverage 

(R4, 0.160), and the current ratio (R7, 0.120)—all of which relate to debt coverage and 

financial flexibility. KNN, which relies on distance-based similarity, shows a more 

moderate distribution of importance across similar variables (R18 = 0.180, R4 = 0.160, 

R1 = 0.080), with less pronounced differentiation. 

2017: the silent beginnings 

Looking at 2017, two years before bankruptcy, a different picture emerges. The sales-

to-assets ratio (R32) clearly dominates across nearly all models. It ranks first in DT 

(0.520), XGBoost (0.135), SVM (1.15), and MLP (0.165); second in RF (0.118); and 

third in KNN (0.150). This consistency highlights the ratio’s role as a reliable early 

warning signal. R32 reflects a firm’s ability to generate revenue from its asset base. A 

decline may suggest underutilized capacity, declining efficiency, or even early signs of 

market erosion—all of which are structural symptoms that can precede bankruptcy. 

The strong predictive role of R32 at the two-year horizon aligns with findings from 

[71], who emphasize the need to detect subtle, structural signals before crises emerge. 

Unlike liquidity-based indicators, which can fluctuate in the short term, productivity 

ratios such as R32 help reveal longer-term performance issues that may silently lead to 

financial collapse. 

Other variables also contribute meaningfully in 2017, albeit in a more fragmented way. 

The goodwill-to-assets ratio (R3) remains significant in XGBoost (0.110) and RF 

(0.075), reaffirming concerns about intangible asset quality. The EBITDA interest cov-

erage ratio (R4) also gains weight—reaching 0.110 in MLP—and may reflect growing 

pressure to service debt. Overall, feature importance is more dispersed in 2017 than in 

2018, suggesting that early-stage warning signals are weaker and more diffuse. This is 

typical of pre-distress periods, where financial symptoms remain hidden behind rela-

tively normal accounting figures. 

Table 8 Importance of Selected Variables Across Model 



  2018 

      Models       

features importance FR  
DT XGBoost SVM MLP KNN 

R1: Cash to assets ratio 0.055 0.010 0.060 0.85 0.105 0.080 

R2: Working capital to assets ratio 0.025 0.006 0.025 0.05 0.030 0.025 

R3: Ratio goodwill/assets 0.110 0.200 0.100 0.005 0.005 0.005 

R4: EBITDA interest coverage ratio 0.060 0.012 0.045 0.40 0.160 0.160 

R7: Current Ratio 0.040 0.009 0.062 0.06 0.120 0.075 

R9: Return on assets (EBITDA) 0.100 0.001 0.070 0.08 0.070 0.050 

R15: Cash flow to turnover ratio 0.085 0.180 0.075 0.45 0.065 0.060 

R18: Trade Creditors to assets ratio 0.030 0.003 0.035 0.70 0.185 0.180 

R24: Ratio of creditors to debtors 0.075 0.015 0.058 0.045 0.045 0.045 

R25: Income tax to assets ratio 0.050 0.008 0.028 0.020 0.085 0.100 

R27: Age 0.045 0.002 0.052 0.15 0.150 0.145 

R28: Accounts receivables turnover ratio 0.175 0.600 0.255 0.010 0.015 0.008 

R31: Days sales of inventory 0.115 0.0015 0.072 0.20 0.035 0.030 

R32: Ratio of sales to assets 0.080 0.004 0.030 0.030 0.010 0.010 

 

  2017  

      Models       

features importance RF DT XGBoost SVM MLP KNN 

R1: Cash to assets ratio 0.062 0.004 0.060 0.16 0.090 0.090 

R2: Working capital to assets ratio 0.040 0.001 0.030 0.92 0.035 0.015 

R3: Ratio goodwill/assets 0.075 0.003 0.110 0.02 0.025 0.005 

R4: EBITDA interest coverage ratio 0.060 0.008 0.080 0.20 0.110 0.120 

R7: Current Ratio 0.070 0.002 0.070 0.18 0.045 0.070 

R9: Return on assets (EBITDA) 0.095 0.320 0.050 0.50 0.025 0.020 

R15: Cash flow to turnover ratio 0.072 0.005 0.090 0.13 0.065 0.060 

R18: Trade Creditors to assets ratio 0.045 0.001 0.035 0.85 0.150 0.190 

R24: Ratio of creditors to debtors 0.065 0.006 0.028 0.35 0.075 0.045 

R25: Income tax to assets ratio 0.058 0.002 0.075 1.05 0.095 0.085 

R27: Age 0.038 0.0009 0.068 0.06 0.135 0.160 

R28: Accounts receivables turnover ratio 0.050 0.150 0.040 0.40 0.030 0.035 

R31: Days sales of inventory 0.130 0.0008 0.120 0.08 0.040 0.030 

R32: Ratio of sales to assets 0.118 0.520 0.135 1.15 0.165 0.150 

 

 

We have long wondered how to make our models more readable. Not just for us, but for others — analysts, auditors, 

bankers. We needed to understand why a model predicts what it predicts. Not just ‘which variables are important,’ 

but how they influence the result in each case. That's where SHAP came in. 

SHAP — which stands for Shapley Additive Explanations — is based on an old idea from game theory. The principle 

is simple in appearance: each variable is assigned an equal contribution to the prediction. But what SHAP really 

allows is a local, case-by-case reading that is accurate and reliable. We are no longer dealing with approximation or 

algorithmic opacity. We can finally see why a ratio pushed the model towards a high or low score [72]. 

And in a financial context, this is essential. Transparency is not just a bonus, it's a must. Some studies have shown 

this clearly: SHAP is now used in sensitive areas like credit and detecting risky businesses — not just to look good, 

but to explain, justify and clarify [73]. 
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In our study, Fig. 2 and Fig. 3 summarize the results. And what we see is striking: certain ratios, such as R32, 

dominate almost all the others. This ratio — sales to total assets — is already found in Altman's famous Z-score 

(1968). It is a robust indicator that basically tells us whether the company is using its assets efficiently. A high value 

is reassuring. A low value, on the other hand, is a warning sign. It may mean that the company is running out of 

steam or that it is no longer really exploiting its potential. 

Another ratio that stands out is R28, accounts receivable turnover. This is not just a number: it reflects the rate at 

which a company recovers its money. And when it takes a long time, it weighs heavily. Less cash flow means more 

uncertainty. This kind of signal sometimes goes unnoticed in a traditional accounting reading, but the model picks 

it up immediately (Corporate Finance Institute, 2023). 

Sowhile SHAP helps us decode the internal mechanisms of the model, it also brings us back to the essentials: do 

these results make sense for finance? And the answer is often yes. When R28 falls or R32 collapses, the warning 

lights turn orange. And at that point, whether you're a credit analyst, auditor or manager, you know you need to look 

deeper. Because at this stage, the signals are still weak — but they are there. And SHAP helps us not to ignore them. 

 

 
 

Fig. 2.    SHAP Feature Importances -2018: SHAP heatmap of the top 5 most influential features for each predictive 

model in 2018. Each cell displays the average SHAP value, quantifying the impact of the feature on the model’s output. Darker 

shades represent higher importance. 
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Fig. 3. SHAP Feature Importances -2018 

 

4.2 Predicted Probability Distributions  

To go beyond simple scores, we looked at the probabilities of bankruptcy predicted by each model. Figures 3a and 

3b show them separately for 2018 and 2017. The idea was to see how each model performs: is it confident? Does it 

have a clear picture? Or does it hesitate between healthy companies and those in difficulty? These histograms give 

us a very visual overview of all this — a kind of X-ray of the model's level of certainty. 

In 2018 (see Fig. 4), it is quite clear: XGBoost, Random Forest, and the MLP neural network show distinct peaks. 

On the one hand, bankrupt companies are ranked very high (close to 1), while on the other hand, healthy companies 

are grouped around 0. So, we have two distinct masses — a clear separation. This type of profile shows that these 

models are generally confident when it comes to predicting bankruptcy. Things are more nuanced with Decision 

Tree and SVM: the separation exists, but it is less clear-cut. And then there is KNN, which remains rather vague. It 

does not make a clear distinction. The predictions overlap. 

When we go back to 2017 (see Fig. 5), the situation is quite different. There are no more clear peaks. The curves 

flatten out, the distributions are centred — often around 0.5. In short, the models are hesitant. And we can understand 

why: two years before bankruptcy, the signals are still weak, the symptoms barely visible. All this makes the task of 

classification much more delicate. Moreover, this blurring is consistent with the weaker performance observed in 

2017 in Table 7 — notably the decline in AUC and F1 score. 

But the curves aren't just attractive graphics. They have very real implications. When a model clearly separates the 

two classes, it's easy to set a decision threshold. For example, you can say, ‘above 0.7, trigger an alert.’ This is very 

useful in rating systems or credit risk management. On the other hand, when predictions are scattered, as in 2017, it 

is more delicate. We need to be more cautious, take other criteria into account, and perhaps even revert to human 

judgement — as recommended by Altman and his colleagues (2017). 

Finally, to see all this in a comparative way, Fig. 6 juxtaposes the distributions for 2017 and 2018 for each model. 

This side-by-side view shows us how the confidence of the models evolves as bankruptcy approaches. The tree 

models (XGBoost and RF) are the ones that show this transition most clearly: very clear in 2018, slightly less certain 

in 2017. MLP follows, with a good, albeit slightly more modest, ability to distinguish. At the bottom of the ranking, 

SVM and KNN remain the least assertive, even in the short term. 

The conclusion to be drawn From all this is that the time factor weighs heavily. The closer we get to bankruptcy, 

the more readable the signals become — and the more the models are able to exploit them. This means one very 

simple thing: the choice of model is important, yes. But the timing of its use is just as important. 
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Decision Tree SVM 

 
 

MLP KNN 

 

Fig. 4. Histograms of the probability of bankruptcy predictions of each model, using the 5-fold cross-validation sam-pling pro-

cedure (2018) 
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MLP KNN 

 

Fig. 5.  Histograms of the probability of bankruptcy predictions of each model, using the 5-fold cross-validation sampling pro-

cedure (2017) 
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Fig. 6.  Comparative distributions of predicted bankruptcy probabilities for each model (2017 vs. 2018): 

 

4.3 Comparison of models: 

In this section, we wanted to compare the performance of the six models we tested in a concrete way and see, very 

specifically, how each model performs when it comes to prediction. All results are summarised in Table 9, based 

on 5-fold cross-validation. Performance was measured at two key points in time: in 2018 (just before bankruptcy) 

and in 2017 (two years earlier), which also allows us to assess their stability over time. 

In 2018, Random Forest and XGBoost clearly dominate. RF achieves an accuracy of 0.83, which is already solid, 

but what is particularly striking is its balance: precision of 0.79, recall of 0.65, F1-score of 0.71. XGBoost performs 

almost as well, with a slightly lower recall (0.625) but an AUC of 0.85, just behind RF (0.88). These two models 

are therefore able to effectively separate healthy companies from those at risk. And this is not just an effect of our 

dataset: in other recent work [53, 56], we observe comparable trends, sometimes even with AUCs around 0.93 for 

Random Forest.  

The Decision Tree, on the other hand, remains fairly stable. Although less effective than the previous two, with an 

F1 score of 0.72 and an AUC of 0.80, it performs better than might be expected from such a simple model. Its main 

advantage is that it is easy to read and explain [74, 75]. 

For models that are more sensitive to data variations, such as SVM, MLP, and especially KNN, the results are less 

convincing. SVM drops to 0.375 recall, MLP to 0.475, and KNN collapses to 0.225. Their F1 scores follow the same 

downward trend. It is not so much that they do not learn, but rather that they miss many bankruptcies. And in this 

context, type II errors (failing to detect a true case of bankruptcy) are the most costly. 

Several studies confirm this phenomenon: in a review of SVMs applied to highly imbalanced datasets, [76] note that 

recall performance drops significantly without adjustments through resampling or class weighting. Similarly, [77] 

demonstrate that neural networks (MLP) often reproduce biases in favour of the majority class — which directly 

affects the recall of defaulters, even though the AUC may remain high. Finally, in comparative analyses of bank-

ruptcy prediction models, KNN is regularly cited as one of the least effective models for detecting the minority 

(bankruptcy), as it tends to predict predominantly the dominant class [78]. 

In 2017, as expected, all models saw their performance decline. The signal is weaker, the prediction more distant. 

And yet, RF and XGBoost hold their own. They remain above the others, with accuracies of 0.79 and 0.74, and 

AUCs that do not fall below 0.79. On the other hand, KNN and SVM fall back to very low recall levels (0.40). This 

reflects a trend already noted in other studies: predicting bankruptcy well in advance is difficult, even with good 

models. 

The main takeaway from Table 7 is that certain models — SVM or MLP, for example — can produce good results 

in terms of precision or specificity. But if the recall is too low, they miss the point: detecting the real cases at risk. 

It's not just a matter of numbers, it's also a question of strategic priority: is it better to avoid false alarms, or to capture 

as many weak signals as possible? It all depends on the context in which the model is used. 

Finally, when we look at slightly less conventional metrics — G-Mean, Youden's index, MCC — RF and XGBoost 

still perform best over both years. This consistency, even when the data becomes more uncertain, is valuable. Espe-

cially if the goal is to build a robust alert system capable of withstanding fluctuations in financial signals. 

Table 9 Metric performance with K-fold cross validation one year and two year before  

 

 

 2018 

Metric     Models       

Confusion Matrix (All 

Data) 

Random 

Forest 
DT XGBoost) SVM MLP KNN 

True Positive (TP)% 20.97% 23.39% 20.16% 12.10% 15.32% 7.26% 

False Positive (FP)% 5.65% 9.68% 6.45% 10.48% 16.13% 4.03% 

False Negative (FN)% 11.29% 8.87% 12.10% 20.16% 16.94% 25.00% 

True Negative (TN)% 62.10% 58.06% 61.29% 57.26% 51.61% 63.71% 

k-Fold cross Validation 

(All Data) 

Random 

Forest 
DT XGBoost) SVM MLP KNN 
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Accuracy 0.8306 0.8145 0.8145 0.6935 0.6694 0.7097 

Precision 0.7879 0.7073 0.7576 0.5357 0.4872 0.6429 

Recall (Sensitivity) 0.6500 0.7250 0.6250 0.3750 0.4750 0.2250 

Specificity 0.9167 0.8571 0.9048 0.8452 0.7619 0.9405 

F1-score 0.7123 0.7160 0.6849 0.4412 0.4810 0.3333 

Kappa 0.5939 0.5784 0.5552 0.2390 0.2385 0.1994 

AUC 0.8810 0.7972 0.8497 0.7310 0.6683 0.7301 

G-Mean 0.7719 0.7883 0.7520 0.5630 0.6016 0.4600 

Youden's Index 0.5667 0.5821 0.5298 0.2202 0.2369 0.1655 

MCC 0.5994 0.5785 0.5604 0.2462 0.2385 0.2444 

Error       

Type I Error (FP rate) 8.33% 14.29% 9.52% 15.48% 23.81% 5.95% 

Type II Error (FN rate) 35.00% 27.50% 37.50% 62.50% 52.50% 77.50% 

 

 

 2017 

Metric     Models       

Confusion Matrix (All 

Data) 

Random 

Forest 
DT XGBoost) SVM MLP KNN 

True Positive (TP)% 19.35% 17.74% 16.13% 12.90% 16.13% 12.90% 

False Positive (FP)% 8.06% 11.29% 9.68% 11.29% 16.94% 9.68% 

False Negative (FN)% 12.90% 14.52% 16.13% 19.35% 16.13% 19.35% 

True Negative (TN)% 59.68% 56.45% 58.06% 56.45% 50.81% 58.06% 

k-Fold cross Validation 

(All Data) 

Random 

Forest 
DT XGBoost) SVM MLP KNN 

Accuracy 0.7903 0.7419 0.7419 0.6935 0.6694 0.7097 

Precision 0.7059 0.6111 0.6250 0.5333 0.4878 0.5714 

Recall (Sensitivity) 0.6000 0.5500 0.5000 0.4000 0.5000 0.4000 

Specificity 0.8810 0.8333 0.8571 0.8333 0.7500 0.8571 

F1-score 0.6486 0.5789 0.5556 0.4571 0.4938 0.4706 

Kappa 0.5006 0.3936 0.3769 0.2497 0.2484 0.2791 

AUC 0.8432 0.7333 0.7949 0.7527 0.6613 0.7220 

G-Mean 0.7270 0.6770 0.6547 0.5774 0.6124 0.5855 

Youden's Index 0.4810 0.3833 0.3571 0.2333 0.2500 0.2571 

MCC 0.5040 0.3948 0.3815 0.2547 0.2484 0.2875 

Error       

Type I Error (FP rate) 11.90% 16.67% 14.29% 16.67% 25.00% 14.29% 

Type II Error (FN rate) 40.00% 45.00% 50.00% 60.00% 50.00% 60.00% 
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5 Conclusion  

This study has offered a comparative assessment of six machine learning models ap-

plied to bankruptcy prediction among Moroccan industrial firms, evaluated across two 

critical timeframes: one year (t–1) and two years (t–2) prior to the failure event. By 

adopting this dual-horizon approach, we were able to distinguish between immediate 

warning signals and those that emerge earlier and more subtly. 

Our findings highlight the consistent outperformance of ensemble-based models—

namely Random Forest and XGBoost—across most evaluation metrics, including 

AUC, F1-score, and MCC. These results are in line with prior studies [20, 53, 56], 

confirming the robustness of tree-based architectures in handling complex financial 

classification problems. Although not as performant, the Decision Tree model showed 

solid results and a high level of interpretability, which is particularly relevant in regu-

latory environments where transparency and auditability are essential [32, 51]. 

Conversely, SVM, MLP, and especially KNN experienced significant drops in recall at 

t–2, making them less reliable for early-stage prediction. Their higher Type II error 

rates highlight a crucial limitation—namely, the failure to identify actual bankruptcies, 

which carries serious implications in risk-sensitive contexts. 

A major contribution of this work is the integration of SHAP (SHapley Additive exPla-

nations), which allowed us to analyze feature importance with transparency and preci-

sion. Through SHAP summary plots, we identified key variables—particularly the 

sales-to-assets ratio (R32) and the receivables turnover (R28)—as recurrent and influ-

ential across models. From a risk management perspective, these ratios provide clear 

interpretative value: sustained underperformance in R32 or a low R28 may signal early 

inefficiencies or deteriorating liquidity well before default occurs. 

Beyond the technical findings, this research contributes actionable insights for financial 

institutions and regulators, especially in emerging markets. High-performing and inter-

pretable models like Random Forest, supported by explainability frameworks such as 

SHAP, may serve as foundational tools in the development of effective early warning 

systems that align with local data realities and regulatory expectations. 

Naturally, the study is not without limitations. The dataset was limited to financial var-

iables and sector-specific observations. Future research should explore the integration 

of macroeconomic indicators, governance-related qualitative variables, and unstruc-

tured data—such as financial reports or market sentiment from news media. Further-

more, hybrid approaches combining data-driven learning with expert judgment may 

help improve predictive accuracy while maintaining contextual relevance. 

In conclusion, our results emphasize that combining explainable machine learning with 

a multi-horizon framework provides a valuable foundation for anticipating corporate 

failure in developing economies. The choice of model should not rest solely on statis-

tical performance, but also on interpretability, stability across time, and usability in 

real-world financial decision-making. 
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Appendix 1. Integrated Conceptual Framework for Corporate Failure Prediction in 

the Moroccan Context 
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