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ABSTRACT

Introduction: the study aimed to identify the financial variables that best predicted the failure of small and
medium-sized enterprises (SMEs). It addressed the need for reliable financial indicators capable of signaling
early distress and supporting risk-management practices.

Methods: a quantitative methodology was adopted within a hypothetico-deductive framework. Two
complementary variable-selection techniques were applied. First, the LASSO regression method introduced
a regularization constraint to eliminate variables with weak explanatory power. Second, the Random Forest
algorithm assessed the relative importance of financial variables in overall model performance. The two
approaches were compared to determine their effectiveness in identifying the most relevant predictors of
SME failure.

Results: the LASSO model produced a negative coefficient of determination (R? = -1,2179), demonstrating
performance inferior to a simple mean-based prediction and indicating that LASSO was not suitable in this
context. In contrast, the Random Forest model achieved a very high R? value (0,9571), reflecting strong
predictive accuracy and robustness. Based on the Random Forest results, six key financial predictors of SME
failure were identified: financial structure, return on assets, return on sales, return on equity, liquidity, and
solvency.

Conclusions: the study demonstrated that Random Forest outperformed LASSO in selecting meaningful
financial predictors of SME failure. The six identified variables offered a reliable analytical framework for
understanding and anticipating financial distress. These findings provided valuable insights for academic
research and practical applications in risk assessment and early warning systems for SMEs.

Keywords: Prediction SME Failure; Variable Selection; Financial Ratios; LASSO Regression; Random Forest.
RESUMEN

Introduccion: el estudio tenia como objetivo identificar las variables financieras que mejor predecian el
fracaso de las pequenas y medianas empresas (pymes). Abordaba la necesidad de contar con indicadores
financieros fiables capaces de sefnalar dificultades tempranas y respaldar las practicas de gestion de riesgos.
Métodos: se adopt6 una metodologia cuantitativa dentro de un marco hipotético-deductivo. Se aplicaron dos
técnicas complementarias de seleccion de variables. En primer lugar, el método de regresion LASSO introdujo
una restriccion de regularizacion para eliminar las variables con escaso poder explicativo. En segundo lugar, el
algoritmo Random Forest evaluo la importancia relativa de las variables financieras en el rendimiento global
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del modelo. Se compararon ambos enfoques para determinar su eficacia a la hora de identificar los predictores
mas relevantes del fracaso de las pymes.

Resultados: el modelo LASSO produjo un coeficiente de determinacion negativo (R = -1,2179), lo que
demuestra un rendimiento inferior al de una simple prediccion basada en la media e indica que LASSO
no era adecuado en este contexto. Por el contrario, el modelo Random Forest alcanzé un valor R2 muy
alto (0,9571), lo que refleja una gran precision predictiva y solidez. A partir de los resultados de Random
Forest, se identificaron seis predictores financieros clave del fracaso de las pymes: estructura financiera,
rendimiento de los activos, rendimiento de las ventas, rendimiento del capital, liquidez y solvencia.
Conclusiones: el estudio demostré6 que Random Forest super6 a LASSO en la seleccion de predictores
financieros significativos del fracaso de las pymes. Las seis variables identificadas ofrecieron un marco
analitico fiable para comprender y anticipar las dificultades financieras. Estos hallazgos proporcionaron
informacion valiosa para la investigacion académica y las aplicaciones practicas en la evaluacion de riesgos
y los sistemas de alerta temprana para las pymes.

Palabras clave: Prediccion del Fracaso de las PYMES; Seleccion de Variables; Ratios Financieros; Regresion
LASSO; Bosque Aleatorio.

INTRODUCTION

Business failure is a complex and multidimensional phenomenon that has attracted scholarly attention since
the early twentieth century, with Fitzpatrick™ among its pioneers. Research on this topic has developed along
multiple perspectives, including economic, financial, strategic, organizational, and managerial dimensions.
At the macroeconomic level, studies have highlighted the influence of economic cycles, monetary policy, and
systemic conditions on bankruptcy risk. 3459 At the microeconomic level, failure primarily affects firms with
insufficient sales to cover costs, underinvestment, or inefficiencies arising from contractual and managerial
factors.”8910 Strategic choices, innovation, competition, and organizational factors further shape the
vulnerability of firms.("12,13,14

Financial distress constitutes a central dimension of failure. Firms in difficulty typically experience cash-flow
tensions, declining profitability, and deterioration of key financial ratios.>'%') From a legal standpoint, failure
occurs when a firm cannot meet its obligations, potentially triggering judicial reorganization or liquidation, as
codified in Moroccan law under Law No. 73-17 (2019), which introduced safeguard procedures to promote early
restructuring and preserve employment.

The literature emphasizes that failure is rarely sudden; it is a gradual process, with early warning signals
often detectable in financial data.® Financial ratios reflecting profitability, liquidity, and solvency have proven
valuable in predicting bankruptcy, yet selecting the most relevant indicators remains a major methodological
challenge due to high correlations and redundancy among variables. 202V |n emerging markets, and particularly
for SMEs, the relevance of these predictors may differ substantially due to structural financing constraints,
market imperfections, and local institutional conditions.

Against this backdrop, a clear research gap emerges: although numerous predictors have been proposed,
little consensus exists on which variables are most relevant for SMEs in emerging markets, nor on which
modern statistical or machine-learning methods are best suited for variable selection in this setting.
Against this backdrop, a central question arises: which financial factors are the most predictive of failure?
This paper addresses this gap by empirically testing and comparing two contemporary variable-selection
techniques LASSO regression and the Random Forest algorithm in the context of Moroccan SMEs, and identifying
a validated set of key financial indicators that best predict failure in this environment. This contribution
advances both methodological and empirical knowledge in bankruptcy-risk modeling.

METHOD
Hypotheses development

After defining business failure according to its various approaches, it becomes necessary to identify the key
financial factors based on the literature review, in order to formulate the hypotheses to be tested.

In this perspective, liquidity reflects a firm’s ability to meet its short-term obligations through its quickly
mobilizable assets. In the case of SMEs, particularly in Morocco, this dimension is especially important due
to the structural fragility of their financing and limited access to external capital. A deterioration in liquidity
ratios disrupts the balance sheet equilibrium, reduces the coverage capacity of the operating cycle, and often
forces the firm to resort to debt, thereby increasing financial charges. The literature generally considers these
tensions as one of the earliest warning signals of potential failure.

Several empirical studies confirm the central role of liquidity in failure mechanisms. Some authors?%23)
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emphasize that liquidity ratios assess an organization’s ability to repay its debts at maturity. Persistent deficits
can lead to default, with the firm becoming unable to meet its obligations.? Back et al.?®, using a sample of 74
Finnish firms, showed that liquidity is a major determinant of bankruptcy: including liquidity indicators in their
models significantly reduced the classification error rate during the three years preceding failure. Bunn et al.?®
note that the current ratio reduces the probability of failure and represents one of the essential parameters
for measuring this factor. Finally, the systematic review conducted by Kliestik et al.?” on 103 predictive models
developed in the Visegrad countries between 1993 and 2018 confirms that the current ratio remains the most
frequently used measure in bankruptcy prediction studies. Based on the theoretical arguments and empirical
evidence presented above, we propose the following hypothesis:

Hypothesis 1: “Liquidity is a key determinant of business failure risk and constitutes a reliable predictive
indicator in forecasting models.”

Furthermore, the financial structure reflects the balance between stable resources (equity and long-term
debt) and the assets they finance. When imbalance occurs, it weakens the firm’s stability and increases its
exposure to failure risk. Empirical research shows that financing structure affects firms’ resilience to economic
shocks, particularly for SMEs, whose financial flexibility is limited.

Among the causes of failure frequently noted in the literature is an inadequate financial structure, revealing
a deficit of stable resources to cover permanent assets.(®?® The inability to mobilize external funds, often due
to lenders’ distrust, constitutes an aggravating factor, as highlighted by Argenti®), Crutzen®, Marco®?, and
Ooghe et al.®" This vulnerability is closely linked to the firm’s financial autonomy, i.e., the relative weight
of debt in its financial structure. Based on these strong theoretical foundations, we propose the following
hypothesis:

Hypothesis 2: “An unbalanced financial structure is a key determinant of business failure risk and constitutes
a reliable predictive indicator in forecasting models.”

In addition, solvency refers to a firm’s ability to meet its long-term financial obligations. It is generally
measured by the ratio of total debt to equity: the higher this ratio, the greater the dependence on external
financing, increasing insolvency risk, particularly during activity contractions or cash-flow tensions. In the
context of Moroccan SMEs, this indicator is closely monitored by creditors as an early signal of structural
weakness.

Insolvency can be defined as a firm’s inability to meet its due liabilities with available assets.? It manifests
as a persistent difficulty in making regular payments when short-term liabilities significantly exceed realizable
assets, leading to repeated payment incidents toward creditors. This vulnerability is assessed using ratios
comparing assets and liabilities with the same maturity.®® A firm is truly in distress only when part or all of its
solvency is compromised, i.e., when it can no longer meet its financial obligations.®

Numerous studies have demonstrated the relevance of solvency indicators to differentiate healthy firms
from those in distress. The pioneering work of Altman,® as well as more recent studies®?" 343536373839 " confirm
that these variables are reliable tools for anticipating failure risk. Based on the theoretical justification and
empirical evidence presented above, we formulate the following hypothesis:

Hypothesis 3: “Solvency is a key determinant of business failure risk and constitutes a reliable predictive
indicator in forecasting models.”

Moreover, empirical analyses show that firms with low or negative economic profitability are more exposed
to structural difficulties that can lead to failure. Economic profitability measures how efficiently a firm uses
its assets to generate profits. A prolonged decline in this ratio limits self-financing capacity and undermines
investment viability, thus fostering financial tensions.

Insufficient economic asset profitability is frequently identified as a major explanatory factor of failure.
In discriminant analyses, this factor is particularly significant, as healthy firms generally exhibit satisfactory
profitability, unlike failing firms. 49 Therefore, the economic profitability ratio emerges as a relevant indicator
for assessing economic performance and anticipating failure risk. Based on the theoretical and empirical
evidence presented, we propose the following hypothesis:

Hypothesis 4: “Economic profitability is a key determinant of business failure risk and constitutes a reliable
predictive indicator in forecasting models.”

Financial profitability, complementary to economic profitability, measures the return obtained by
shareholders on their invested capital. A decline in this ratio can reduce the firm’s attractiveness to investors,
limit its financing sources, and increase reliance on debt, thereby raising the risk associated with cash-flow
tensions. It is thus a central indicator of a firm’s financial strength and sustainability.

Lack of financial profitability reflects an inability to generate returns for capital providers. When they can
no longer achieve satisfactory returns on their investment, they may choose to disengage or even liquidate the
firm. This factor is particularly discriminant in detecting at-risk firms, as shown.“” The financial profitability
ratio is the most appropriate indicator for measuring this level of performance.“) Considering the theoretical
foundations and literature evidence, we propose the following hypothesis:
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Hypothesis 5: “Financial profitability is a key determinant of business failure risk and constitutes a reliable
predictive indicator in forecasting models.”

Beyond economic and financial profitability, commercial profitability—generally measured by the margin
generated on sales—reflects a firm’s ability to generate surplus from operational activity. A sustained contraction
of this margin constitutes a warning signal, indicating loss of competitiveness and difficulty in covering fixed
costs. This situation reduces strategic flexibility and increases the risk of business cessation, particularly in
competitive environments.

Several commercial factors can explain this failure, such as poor understanding of customer needs and
expectations, inadequate product offerings, weak market positioning, or shortcomings in the sales force. These
dysfunctions, by affecting commercial performance, directly contribute to low commercial profitability and,
consequently, to increased exposure to failure risk."42434445 Based on the observations above, we formulate
the following hypothesis:

Hypothesis 6: “Commercial profitability is a key determinant of business failure risk and constitutes a
reliable predictive indicator in forecasting models.”

It is also important to consider financial balance. This reflects a firm’s ability to finance fixed assets using
stable resources, such as equity and long-term debt. Imbalance, characterized by excessive reliance on short-
term resources to finance long-term assets, undermines cash-flow stability and weakens the balance sheet
structure. This balance is generally measured using the ratio of permanent capital to fixed assets, a central
indicator for assessing financial strength.

The mismatch between resources and the assets they finance is also identified as a risk factor for failure.
(18.28) |n this perspective, the financial balance ratio is a relevant tool to capture and quantify this situation.
Based on these foundations, we propose the following hypothesis:

Hypothesis 7: “Financial balance is a key determinant of business failure risk and constitutes a reliable
predictive indicator in forecasting models.”

Finally, accounts receivable appears as a central component of working capital, reflecting a firm’s ability
to manage payment terms and collection efficiency. Excessive accumulation of receivables ties up financial
resources, increases working capital needs, and reduces available cash, particularly exposing SMEs to tensions
that can threaten their sustainability. Rigorous management of this item is therefore essential to preserve
liquidity and solvency.

Some firms grant excessively large credits to clients to boost sales or encourage loyalty. This practice
can harm cash flow and financial balance, generating additional financing needs and increasing default risk,
potentially creating a domino effect.?® Excessive receivables may also reflect weak negotiating power with
clients, placing the firm in a vulnerable position relative to its partners. In our model, this hypothesis will be
evaluated using the accounts receivable ratio to assess its role as a predictive indicator of failure risk. Based
on the theoretical justification presented above, we propose the following hypothesis:

Hypothesis 8: “High levels of accounts receivable are a key determinant of business failure risk and
constitute a reliable predictive indicator in forecasting models.”

METHOD

In the context of our study, the focus is placed on causal explanation through the use of quantitative
methods, which allow for the identification of significant relationships between explanatory variables
particularly accounting and financial ratios and the occurrence of business failure. From this perspective, our
epistemological positioning aligns with a moderated positivist stance, suited to the nature of our research
object and the methodological requirements it entails.

Adopting this stance leads us to favor a hypothetico-deductive approach, based on the formulation of
explicit hypotheses derived from an established theoretical framework, and their verification through the
analysis of empirical data. This approach aims to highlight explanatory relationships between specific financial
variables and the risk of SME failure. By ensuring rigor and reproducibility, this methodological positioning
guarantees the internal coherence of our approach and enhances the credibility and robustness of the results,
while accounting for uncertainties and limitations inherent in any modeling in management sciences.

Sample and variables of the study

Defining the sample constitutes a key step in any empirical research, as it directly affects the robustness
and validity of the results. Prior to selecting the observational units, it is essential to rigorously define the
phenomenon under study, in this case, business failure.

In this study, we adopted the legal approach to failure, considered the most robust from an institutional
perspective. According to the Moroccan Commercial Code, a firm is deemed to be in failure when it is in a state
of cessation of payments, that is, when it is unable to meet its due liabilities with available assets, a situation
that triggers the opening of collective proceedings. This definition, which is objective and legally framed,
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allows for the precise identification of firms in a confirmed state of failure.

Based on this criterion, the cases studied were selected from the archives of the Fés commercial court
and from information provided by trustees in charge of collective proceedings, ensuring the reliability of the
dataset. Healthy firms, on the other hand, were selected with the assistance of local certified accountants,
who provided an updated database.

The resulting sample consists of small and medium-sized enterprises located in the Fés-Meknés region, an
economically dynamic area that has been relatively underexplored in studies on business failure risk. This choice
addresses both data accessibility considerations and the ambition to offer a conceptualized understanding of
the vulnerabilities specific to Moroccan SMEs.

Sample specifications

Initially, our investigation focused on Moroccan small and medium-sized enterprises (SMEs) established in
the Fés-Mekneés region. An initial census identified 110 entities, including both firms considered healthy and
others facing difficulties.

To ensure methodological consistency and comparability of financial indicators, we restricted the selection
to companies with a minimum age of five years. This criterion aimed to exclude newly established entities,
whose financial statements do not yet reflect stabilized operations and whose potential problems are more
likely related to start-up constraints than to confirmed economic failure.

For the sake of homogeneity, only limited liability companies (SARLs) were retained, as this legal form
represents the majority of regional SMEs and provides more consistent access to financial statements. Entities
with incomplete accounting information, larger firms, or those located outside the study area were excluded.

After this filtering process, the final sample comprises 60 SMEs: 30 healthy and 30 in a state of failure, totaling
180 observations covering the fiscal years 2018 to 2020. This rigorous selection ensured the homogeneity of the
dataset as well as the reliability of the data used for empirical analysis.

The following table explains the reasons for excluding certain companies and the selection of those retained
for the empirical study:

Table 1. Composition of the sample selected for the study

Total number of companies 110 companies
Companies not retained 50 companies not retained
Unavailable information e 25 companies with incomplete balance

sheets or income statements
e 13 companies with inconsistent legal forms
e 6 large companies
e 6 newly established companies

Companies retained 60 companies: (30 failing; 30 healthy)
Characteristics of the retained sample e Age: Over 5 years
e Size: SME

e Legal form: SARL

e Availability of accounting information and
documents

e Region: Fés-Meknes.

Selection of Study Variables

Our literature review revealed a wide array of accounting and financial ratios employed in empirical studies
on failure prediction. The most commonly used explanatory variables relate to key dimensions of financial
analysis, including liquidity, profitability, financial structure, solvency, and management efficiency. In line with
this tradition, the present study defined the target variable in binary form, assigning a value of 1 to failing firms
and 0 to healthy firms. To ensure the robustness and generalizability of the predictive models, the dataset was
divided into training and test sets, enabling an objective assessment of model performance on unseen data.
Moreover, before applying the LASSO method, all financial variables were normalized to eliminate scale-related
distortions and to allow the regularization process to operate under optimal conditions for variable selection
and coefficient estimation.

Taking into consideration both data availability and the specific characteristics of Moroccan SMEs, eight
accounting and financial ratios were initially selected to inform the statistical analysis. These indicators capture
the main dimensions of the firms’ financial and operational performance and are likely to offer meaningful
explanatory insights into the mechanisms underlying business failure. The selected ratios are presented as
follows:
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Table 2. List of ratios used for the study

Ratios Related Definition Calculation Formula Coding
Hypothesis
Liquidity Ratio H1 Current ratio Current Assets / Current LI
Liabilities
Structure Ratio H2 Fixed assets coverage ratio by Equity / Total Assets ST
permanent funds
Debt Ratio H3 Solvency ratio Total Debt / Equity SLV
H4 Economic profitability Operating Income / Total ROA
Profitability Ratio Assets
H5 Financial profitability Net Income / Equity ROE
Hé6 Commercial profitability Net Income / Sales ROS
Revenue
Financial Balance H7 Fixed assets coverage ratio by Permanent Capital / Fixed EF
Ratio permanent capital Assets
Management Ratio H8 Accounts receivable coverage Accounts Receivable / cc
ratio Sales Revenue
RESULTS

Descriptive statistical analysis of the sample

This section presents a descriptive statistical analysis of the sample studied over the period 2018-2020. All
statistical processing and analysis were performed using Python software, enabling rigorous data manipulation
and the production of reliable results (table 3).

The descriptive analysis of the financial variables reveals a marked dispersion of data, reflected in high standard
deviations and wide ranges between minimum and maximum values. The skewness analysis reveals that the LI,
ST, EF, and CC indicators show positive skewness, reflecting a concentration of observations around low values,
accompanied by a few exceptionally high values. Conversely, ROE, ROA, ROS, and SLV show negative skewness,
indicating a distribution centered on relatively high values, but punctuated by particularly low observations.

All variables also have kurtosis coefficients well above the reference value (kurtosis > 3), indicating
leptokurtic distributions, characterized by a high concentration around the mean and the presence of extreme
elements. The results of the Jarque-Bera test confirm, with zero p-values, the rejection of the normality
hypothesis for all the series analyzed.

These findings highlight the non-Gaussian structure of the financial data studied and justify the use of robust
econometric methods capable of handling heterogeneity and non-normal distributions in the context of default
risk forecasting.

Distributions des variables explicatives
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Figure 1. Distributions of explanatory variables
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Figure 2. Correlation matrix between the explanatory variables and the target variable (LABEL) indicating the failure
situation

The correlation matrix analysis highlights the statistical relationships between the main financial ratios and
the target variable measuring the state of default of SMEs. The results indicate that several indicators show a
moderate negative correlation with default, notably commercial profitability (ROS: -0,32), liquidity (LI: -0,31),
financial structure (ST: -0,31), economic profitability (ROA: -0,27) and, to a lesser extent, financial profitability
(ROE: -0,17). These results suggest that good performance in these areas helps reduce the risk of failure.

Conversely, variables such as solvency (SLV), financial autonomy (EF), and the customer receivables coverage
ratio (CC) show a slightly positive correlation with default status, but their intensity remains low (approximately
+0,08 to +0,09), thus limiting their explanatory power.

An examination of the cross-correlations between the ratios also highlights the absence of strong linear
dependencies: the highest, observed between ROA and ST (0,37), remains well below the critical thresholds
for multicollinearity. This relative independence of the variables reinforces the robustness of the empirical
framework and strengthens the validity of the resulting predictive models.

Selection of predictors

In this article, the selection of explanatory variables is an essential step in improving the performance
of business failure prediction. In order to reduce the dimensionality of the dataset while retaining the most
relevant variables, two complementary approaches were implemented: the random forest method and lasso
regression. The combined use of these techniques makes it possible to obtain a robust subset of explanatory
variables, while limiting the risks of overfitting and strengthening the interoperability of the model.

Random forest method

The random forest method is a powerful tool for selecting explanatory variables. By measuring the relative
importance of each indicator based on its effect on reducing impurity or prediction error within the trees, it
identifies the most decisive attributes of the model. This approach is particularly well suited to complex or
large datasets, thanks to its robustness in the face of outliers and possible correlations between variables.

Figure 3 shows the assessment of the relative importance of explanatory variables in predicting business
failure, as estimated by the random forest algorithm. The results highlight the preeminence of financial
structure (ST), which alone accounts for 34,7 % of the model’s explanatory power, confirming its decisive role
in the occurrence of failures.

Economic performance indicators, in particular commercial profitability (ROS) and economic profitability
(ROA), also play a substantial role, with respective contributions of 23,1 % and 21,0 %. These results underscore
that profitability and financial strength are key variables for anticipating corporate difficulties.

Conversely, certain variables such as financial equilibrium (EF) and accounts receivable (CC) are of marginal
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importance, at less than 2 %. Their low weight suggests a limited influence on the probability of default, or
possible redundancy with more structural indicators in the model.

Importance des caractéristiques (Random Forest)

ROS

ROA

ROE

Caractéristique

Caractéristique (Importance)
ST (0.347)
ROS (0.231)
ROA (0.210)
ROE (0.093)
LI (0.059)
SLV (0.034)
EF (0.019)
CC (0.007)

SLv

EF

cC

(=]
w
o
(=]
w
v

T
0.05 0.10 0.15 0.20 0.25
Impertance

Figure 3. Importance of predictors according to the random forest algorithm

Lasso method

The acronym Lasso stands for “Least Absolute Shrinkage and Selection Operator.” This method is frequently
used to manage high-dimensional data, as it facilitates automatic feature selection. The Lasso principle is
based on adding a penalty term to the sum of squared residuals (RSS), weighted by a regularization parameter
denoted A (lambda). This parameter controls the intensity of the regularization applied: high values of A increase
the penalty, causing several coefficients to be reduced to zero and, as a result, the automatic elimination of
certain variables. Conversely, lower values of A reduce the effect of the penalty, allowing a greater number of
variables to be retained in the model.

Importance des caractéristiques (Lasso)
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Caractéristiques (Importance absolue)
ROS (0.118)

L (0.117)

ST (0.100}
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Figure 4. Importance of predictors according to the Lasso method
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The results in figure 4 show that ROS (commercial profitability) and LI (overall liquidity) are the two most
influential variables, with absolute importance scores of 0,118 and 0,117 respectively, closely followed by
ST (financial structure) at 0,100. These variables therefore appear to be the most relevant for modeling. On
the other hand, SLV (Solvency) and CC (Customer Management Coverage Capacity) have very low weights,
suggesting a negligible contribution to the model.

Comparison between selection methods: Lasso and Random Forest

In order to evaluate the relevance of variable selection methods, we calculated the coefficient of
determination (R?) for models derived from Lasso and Random Forest. The coefficient of determination is
defined by the following relationship:

sy = 9)?
2 —y)?

Where y, denotes the observed value, Vithe value predicted by the model, y~ the mean of the observed
values, and n the total number of observations.

A R? close to 1 indicates an excellent fit of the model to the data, while a R? close to 0 suggests that the
model explains very little of the observed variability. A negative value of R? indicates performance inferior to
that of a trivial model based solely on the mean of the observations.

RE=1-

Q, comparaison des scores R? moyen obtenus par les méthodes de sélection Lasso et Random Forest.

R2 moyen - Lasso : -1.2179531854354538
R2 moyen - Random Forest : 8.9571347671138632

Figure 5. Comparison of (R?) scores obtained using the Lasso and Random Forest selection methods

The results presented in figure 5 reveal that the Lasso model obtains a negative coefficient of determination
(R%z = -1,2179), indicating a performance inferior to that of a simple prediction based on the average of the
observations. This observation suggests that the Lasso algorithm is not suitable, in this context, for effective
selection of explanatory variables.

In contrast, the Random Forest model achieves a very high R? (0,9571), reflecting a remarkable ability to
explain the variance of the target variable. These results confirm that the Random Forest approach is a more
reliable and robust method for identifying relevant variables in our study.

On this basis, six explanatory variables were selected for further analysis: FS (Financial Structure), ROA
(Economic Profitability), ROS (Commercial Profitability), ROE (Financial Profitability), LI (Liquidity), and SLV
(Solvency). Their selection is based on their demonstrated relative importance in predicting corporate default.
These variables will serve as the basis for the subsequent modeling steps, optimizing predictive performance
while controlling the complexity of the model, thus ensuring an optimal compromise between accuracy and
simplicity.

The results obtained are summarized in the table 4, highlighting the evaluation of the hypotheses formulated
on the basis of the Random Forest model estimates.

The Random Forest model highlights that financial structure and profitability (commercial, economic, and
financial) are the most predictive dimensions of business failure. Indicators such as financial equilibrium and
accounts receivable, despite their theoretical relevance, appear to have little discriminating power in this
empirical model.

Within the context of our study on Moroccan SMEs, the analysis of financial ratios reveals significant
disparities between failing firms and those in good health. In light of the Random Forest algorithm’s results,
the variables with the highest predictive importance are financial structure (ST), operating profitability (ROS),
and economic profitability (ROA). This ranking reflects the central role of operational performance and cash
flow management in the survival dynamics of SMEs.

More specifically, non-failing firms are characterized by more effective cash management, reflecting a
stronger capacity to meet short-term obligations. Conversely, failing enterprises display a clear imbalance
between cash flows and short-term liabilities, indicating recurring financial stress. High operating profitability
among healthy firms suggests better control of margins and more efficient management of operating costs,
likely linked to sound strategic choices and a more relevant product or market orientation.

Furthermore, economic profitability (ROA) emerges as a key differentiating factor for failure. Robust SMEs
succeed in generating an attractive return on assets, reflecting better utilization of available resources. In
contrast, failing companies exhibit deteriorated ROA, often resulting from unprofitable investments or poor
asset management.
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Table 4. Validation of hypotheses based on variable importance analysis (Random Forest)

Variable Importance  Associated Analysis Decision
Hypothesis

LI (Liquidity) 0,059 Hypothesis 1 Low contribution, but higher than others - may Validated
be retained.

ST (Financial structure) 0,347 Hypothesis 2 Very high importance: an imbalance in financial Validated
structure is strongly linked to failure.

SLV (Solvency) 0,034 Hypothesis 3 Low importance, but not negligible; last one Validated
retained.

ROA (Economic profitability) 0,210 Hypothesis 4 Notable importance: plays a significant Validated
explanatory role in the model.

ROE (Financial profitability) 0,093 Hypothesis 5 Moderate but significant role: non-negligible Validated
impact.

ROS (Operating profitability) 0,231 Hypothesis 6 High importance: operating profitability is a Validated
clear discriminating factor.

EF (Financial equilibrium) 0,019 Hypothesis 7 Very low importance, close to the margin of Rejected
error; negligible impact.
CC (Accounts receivable) 0,007 Hypothesis 8 Very low impact; does not provide explanatory Rejected

power to the model.

It is also important to note that certain ratios traditionally emphasized in the literature such as financial
profitability (ROE), liquidity (LI), and solvency (SLV) appear in our model with relatively low predictive weight.
This suggests that, although important, these indicators alone are insufficient to explain failure in our sample
and should be interpreted in conjunction with other financial dimensions.

In sum, our empirical analysis suggests that the failure of Moroccan SMEs is primarily associated with low
operational profitability and inefficient cash management, whereas viable firms stand out for the strength of
their operating margins and effective management of financial flows.

DISCUSSION

To address the questions surrounding the prediction of failure among Moroccan SMEs, hypotheses were
formulated based on financial ratios likely to influence the occurrence of failure and to identify contexts of
vulnerability within firms. These hypotheses could only be validated or rejected through empirical analysis.
Accordingly, their evaluation relied on a comparison with the relative importance of explanatory variables
obtained from the Random Forest model, which allowed for a rigorous assessment of each hypothesis and the
identification of factors truly decisive in predicting bankruptcy risk.

The existing literature converges in identifying certain financial variables as key indicators of business
failure. Since the pioneering work®4  indebtedness and financial structure (ST, SLV) have been recognized
as central determinants. Economic and financial profitability (ROA, ROE), as well as operating profitability
(ROS), have also been widely used to explain firms’ vulnerability, particularly in contexts of high leverage or
declining performance. @447 Moreover, liquidity (LI) and solvency (SLV) are consistently highlighted as essential
factors for preventing insolvency and ensuring business continuity. ?>264% These studies confirm that satisfactory
financial performance and prudent management of the financing structure are major levers for reducing the
risk of failure.“%:50,51,52)

Based on this theoretical foundation, our study retains six key explanatory variables: ST (Financial Structure),
ROA (Economic Profitability), ROS (Operating Profitability), ROE (Financial Profitability), LI (Liquidity), and SLV
(Solvency). Identifiedasthemostsignificantintheliterature, theseindicatorsformthebasisof ourpredictiveanalyses,
allowing us to optimize model performance while maintaining an economically interpretable structure. 33455

The superior performance of the Random Forest model can be largely explained by its ability to capture
non-linear relationships and complex interactions among these financial variables. In the context of SME failure
prediction, indicators often interact in intricate ways—for example, liquidity constraints may exacerbate
solvency issues only under certain profitability levels, or financial leverage may have different effects depending
on a firm’s asset structure. As an ensemble learning method based on multiple decision trees, Random Forest
naturally accommodates such interactions and non-linearities without requiring explicit specification. This
flexibility enables it to model the heterogeneous and context-dependent patterns that characterize business
failures more accurately than linear methods. 65"

In contrast, LASSO regression assumes linear relationships between predictors and the target variable.
5839 While effective for dimensionality reduction and variable selection in linear contexts, LASSO may fail
when underlying relationships are non-linear or involve higher-order interactions. Moreover, it is sensitive to
multicollinearity, which can lead to important but correlated variables being assigned zero coefficients, further
limiting its predictive power in complex datasets such as SME financial data. ©¢%¢"
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The identification of financial structure (ST) as the most significant predictor for Moroccan SMEs reflects the
country’s specific financial and economic context. Many SMEs in Morocco face structural financing constraints,
including limited access to long-term credit, reliance on short-term debt, and strict banking requirements.
Consequently, a firm’s capital composition—its mix of equity and debt—strongly affects its resilience to financial
stress and its likelihood of survival. The prominence of ST as a predictive factor underscores how local financial
practices, banking policies, and the economic environment shape the determinants of business failure. This
contextual insight represents a significant contribution, highlighting the importance of accounting for country-
specific financial realities to achieve both accurate and practically relevant predictive models.

CONCLUSION

In conclusion, the empirical analysis conducted in this study clarified the main financial determinants of
SME failure in the Fés-Meknes region of Morocco. Based on a balanced sample of 60 firms monitored over three
accounting periods, the results show that financial structure, along with indicators of economic, operating,
and financial profitability, as well as liquidity and solvency, play a central role in predicting the risk of failure.
The combined use of Random Forest and Lasso variable selection methods allowed us to distinguish the most
significant predictors, with Random Forest exhibiting particularly strong predictive power.

These findings underline that SME survival depends as much on the robustness of their financial structure
as on their ability to generate profits and manage cash flows effectively. Variables traditionally emphasized in
the literature, such as financial equilibrium or accounts receivable, appear less discriminating in this context,
underscoring the importance of considering the most relevant financial dimensions in an integrated manner.

However, this study has certain limitations. The relatively small sample size and the focus on a single region
restrict the generalization of the findings to all Moroccan SMEs. In addition, the number of financial ratios
analyzed remains limited. The study also relies exclusively on quantitative data, without directly incorporating
qualitative factors such as management practices, strategic choices, or managerial skills that may influence
the risk of failure.

These limitations open several avenues for future research. It would be relevant to extend the analysis to
other Moroccan regions and include larger samples to test the robustness of the results. Adding new financial
ratios and qualitative or behavioral indicators would also provide a more nuanced understanding of the
vulnerability mechanisms affecting SMEs. Finally, the application of advanced predictive methods, such as deep
learning or hybrid models, could further improve the accuracy of predictions and enrich the analysis of business
failure.
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