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Abstract

The ability to accurately predict financial distress is crucial for State-Owned Enterprises (SOEs), given their strategic role in
maintaining national economic stability. However, existing studies predominantly examine financial distress models in isolation
and rely mainly on financial ratios, with limited attention to comparative evaluation under a unified machine learning framework
and alternative input structures. This gap limits the understanding of how model performance may vary across different data
representations. This study aims to evaluate and compare the predictive performance of four financial distress models Altman Z-
Score, Springate S-Score, Zmijewski X-Score, and Grover G-Score by integrating them within a Naive Bayes classification
approach. Using a dataset of 20 Indonesian SOEs listed on the Indonesia Stock Exchange over the 2020—2023 period, this study
applies a quantitative comparative method with two types of input variables, namely financial ratios and financial statement
account balances. The results show that the Springate S-Score model demonstrates the highest predictive accuracy, achieving
95% when using financial ratios and 82.5% when using account balances. Overall, models based on financial ratios outperform
those utilizing raw financial statement data, indicating that structured financial indicators provide more effective signals for
classification. The main contribution of this study lies in providing a comprehensive and consistent comparison of multiple
financial distress prediction models within a single probabilistic machine learning framework, while also highlighting the impact
of different input variable structures on model performance. This study extends the financial distress literature by bridging
traditional financial analysis and data mining approaches, and offers practical implications for developing more reliable early
warning systems for financial distress in SOEs.
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Various classification methods, such as Decision Trees,

L. INTRODUCTION Random Forest, Support Vector Machines (SVM) and Naive

The ability to predict financial distress has become
increasingly important, particularly for State-Owned
Enterprises (SOEs), given their strategic role in maintaining
economic stability. Financial distress not only affects corporate
sustainability but may also have broader systemic implications
for national economies. Therefore, the development of accurate
and reliable prediction models is essential for early warning
systems and decision-making processes.

With the advancement of technology, discovering
patterns, anomalies, predictions and relationships in data,
particularly large scale data has become more manageable [1].
In recent years, the application of machine learning techniques
in financial distress prediction has gained significant attention.

Bayes, have been widely applied to improve predictive
performance [2]. Among these various data mining techniques,
classification is one of the most frequently used methods.
Classification is a technique that predicts class labels based on
input data [3]. This technique is particularly important and
widely used in analyzing and predicting corporate financial
performance, as many data models used in this context tend to
exhibit relational characteristics [4].

Studies within the last decade indicate that machine
learning approaches often outperform traditional statistical
models due to their ability to capture complex patterns in
financial data. However, the performance of these methods is
highly dependent on the quality and structure of input variables.
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Despite the growing use of machine learning, many prior
studies tend to focus on a single financial distress model or a
limited set of predictors. Comparative analyses that
systematically evaluate multiple established financial distress
models such as Altman Z-Score, Springate S-Score, Zmijewski
X-Score, and Grover G-Score using a consistent machine
learning framework remain relatively limited, particularly in
the context of Indonesian SOEs. Furthermore, existing studies
often emphasize financial ratios without examining the
predictive capability of raw financial statement account
balances as alternative inputs.

By focusing on Indonesian SOEs, this study also
contributes to the literature by providing empirical evidence in
a specific economic context characterized by large-scale
enterprises with complex financial structures. The findings are
expected to offer both theoretical contributions to financial
analytics and practical implications for stakeholders in
developing more effective financial distress early warning
systems.

This study employs the Naive Bayes method as the
classification technique to analyze corporate financial data.
Although several other classification methods exist, such as
Decision Trees, Random Forest and Support Vector Machines
(SVM), previous research [2] has shown that Naive Bayes
outperforms models like Decision Trees and SVM in terms of
accuracy and precision. For this reason, Naive Bayes is selected
for this study due to its ability to provide more accurate and
efficient predictions an essential factor in predicting financial
distress [5]. The goal is to develop a predictive model that
accurately identifies financial distress in line with the study’s
objectives.

Data mining in general is applied to analyze a company’s
financial statements. Financial statements are often used in data
mining because they reflect key financial indicators and other
important information related to a company’s financial
behavior [6]. Common financial data used to evaluate a
company include accounts receivable, net income, assets, and
capital structure. The application of data mining techniques to
financial statement analysis serves, among other purposes, to
assess a company’s financial health [7]. Financial health is a
critical indicator often used by investors when making
investment decisions [7].

Several models have been developed to assess a
company’s financial health, one of which involves calculating
the risk of financial distress. The concept of financial distress
was first introduced by Edward 1. Altman in 1968. Initially,
Altman referred to financial difficulties as a condition in which
a company struggles financially, characterized by its inability
to pay debts and the reporting of negative net income (loss) [8].
In his research, Altman developed a model to predict financial
distress levels in companies, which later became widely known
as the Altman Z-Score. Over time, subsequent researchers have
continued to develop financial distress prediction models [9].

Due to the continuous evolution of these predictive
models, many researchers have investigated financial distress

prediction, often exploring the contributing factors and their
direct implications. Previous research [10] found that a
company experiencing financial distress typically sees a direct
decline in its stock price. Another study [11] highlighted that
financially distressed firms tend to face solvency issues, where
the total assets are insufficient to cover liabilities a situation
further exacerbated by a decline in revenue.

In addition, previous studies tend to rely on a single type
of input variable, predominantly financial ratios, without
exploring whether alternative data representations such as raw
financial statement account balances could yield different
predictive performance. This indicates a methodological gap,
as the choice of input variables may significantly influence
classification outcomes, yet remains underexplored in the
literature.

Moreover, inconsistencies in findings across studies
regarding the relative accuracy of financial distress models
suggest that no single model can be universally considered
superior. These variations may be attributed to differences in
sample characteristics, industry context and analytical
approaches, highlighting the need for a more standardized and
comparative evaluation.

Some studies have attempted to predict financial distress
using only specific proxies such as the Springate S-Score and
Zmijewski X-Score one such study being conducted by [12],
[13], [14], [15]. Based on these observations, it can be
concluded that studies comprehensively comparing the
accuracy levels of all major financial distress prediction models
remain limited within the academic literature.

Therefore, this study addresses these gaps by conducting
a comprehensive comparison of four widely used financial
distress prediction models Altman Z-Score, Springate S-Score,
Zmijewski X-Score and Grover G-Score within a unified
classification framework using the Naive Bayes algorithm.
Unlike prior research, this study not only compares multiple
models simultaneously but also evaluates the impact of
different input structures, namely financial ratios and financial
statement account balances, on predictive performance.

The importance of this research lies in its potential to
provide a more robust and holistic understanding of financial
distress prediction, both methodologically and practically.
From a methodological perspective, it contributes to the
literature by integrating traditional financial models with a
machine learning approach under consistent evaluation metrics.
From a practical standpoint, the findings can assist investors,
analysts and policymakers in selecting the most appropriate
prediction model based on data availability and desired
accuracy.

Thus, this study seeks to answer the following research
question: which of the four financial distress prediction models
demonstrates the highest level of predictive accuracy when
analyzed using the Naive Bayes classification method?

II. RESEARCH METHOD
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This study employs a quantitative approach using a
knowledge discovery in database (KDD) process to predict
financial distress in Indonesian State-Owned Enterprises
(SOESs). The classification technique used in this research is the
Naive Bayes algorithm due to its simplicity, efficiency and
strong performance in handling relatively small datasets.

The dataset consists of financial statements from 20 SOEs
listed on the Indonesia Stock Exchange over the period 2020—
2023, resulting in a total of 80 observations. The data includes
both financial ratios and raw financial statement account
balances, which are used as input variables in the prediction
models.

Data preprocessing is conducted prior to model
implementation. This stage includes data cleaning to handle
missing or inconsistent values, data transformation to ensure
uniform variable formats and normalization where necessary to
improve model performance [14]. Additionally, the financial
variables are calculated based on the formulas of the Altman Z-
Score, Springate S-Score, Zmijewski X-Score, and Grover G-
Score models. The formulas applied for each financial distress
prediction model in this study are as follows:

a) Altman Z-Score
Working Capital Retained Earnings

Z — Score = 6.56 x +3.267 x

Total Asset Total Asset
+6.72x + —
Total Asset Total Liabilities
Source : [8]
b) Springate S-Score
P =103 Working Capital +3.07 EBIT
core = LS X Tr tal Asset 37'1 * Total Asset
066X ————————————
+ x Current Liabilities
+04 Sales
** Total Asset
Source : [16]
¢) Zmijewski X-Score
X5 —_43—45 Net Income Total Liabilities
core =—% > *Total Asset Total Asset

0.004 Current Assets
' * Current Liabilities

Source: [17]

d) Grover G-Score
Working Capital +3.404
Total Asset AEX
Net Income
—0.016 x

Total Asset
Source : [18]

EBIT
Total Asset

+0.057

G — Score = 1.650x

The research model employed in this study is illustrated in
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Figure 1. Analysis Steps.

Based on the illustrated framework, the data analysis
process in this study consists of several systematic stages to
ensure transparency and replicability. The initial stage involves
collecting secondary data in the form of annual financial
statements from state-owned enterprises listed on the Indonesia
Stock Exchange for the period 2020-2023. The collected data
are then compiled into a structured dataset for further
processing.

The next stage is data preprocessing, which is conducted
to improve data quality and model performance. This process
includes (1) data cleaning, where incomplete, inconsistent, or
missing values are identified and handled using data exclusion
or imputation techniques where appropriate; (2) data
transformation, where raw financial statement accounts are
standardized into a consistent format; and (3) feature
construction, where financial ratios are calculated based on the
formulas of the Altman Z-Score, Springate S-Score, Zmijewski
X-Score, and Grover G-Score models. For the ratio-based
approach, variables are expressed in proportional form, while
for the financial statement account approach, raw account
values are retained as model inputs.

Following preprocessing, the dataset is partitioned into
training and testing sets using a 70:30 split ratio. Specifically,
70% of the observations are used to train the model, while the
remaining 30% are reserved for out-of-sample testing to
evaluate model generalization performance. To further enhance
the robustness and reduce potential sampling bias, a 10-fold
cross-validation technique is applied within the training
process. In this approach, the training data are divided into ten
subsets, where nine subsets are used for model training and one
subset for validation, repeated iteratively until all subsets have
been used for validation.

The predictive modeling stage employs the Naive Bayes
classification algorithm, which is selected due to its efficiency
and suitability for probabilistic classification problems [19].
Model training and evaluation are implemented using
RapidMiner software, utilizing its built-in operators for data
preprocessing, model training, and validation.
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Model performance is evaluated using multiple metrics to
provide a comprehensive assessment. These include accuracy
to measure overall correctness, precision to evaluate the
reliability of positive classifications and recall to assess the
model’s sensitivity in detecting actual classes [4]. Finally, the
results obtained from each model are analyzed and compared
to determine the most effective financial distress prediction
model [3].

III. RESULT AND DISCUSSION
Result

Based on the data collection process, out of the 27 state-
owned enterprises (SOEs) listed on the Indonesia Stock
Exchange, only 20 companies meet the sample criteria and will
be used in this study. The data used in this research is sourced
from the financial statements of these companies for the period
2020-2023, which were obtained through the official website
of the Indonesia Stock Exchange. The results of the accuracy
calculations for each model are all computed using RapidMiner
software will be presented in the following figures:

Figure 2. Accuracy Prediction Testing of Ratio-Based Models
in the Altman Z-Score Formula Using Naive Bayes Classifier

nus Disrss

Figure 3. Accuracy Prediction Testing of the Model Based on
Financial Statement Account Balances Used to Calculate the
Altman Z-Score with Naive Bayes Classifier
Table 1. Altman Z-Score Result
Ratio-Based

Altman Z-Score Financial Statement Account

Accuracy Percentage

82.5%

47.5%

Altman Z-Score Ratio-Based Financial Statement Account

Class Precission

Grey Area 53.85% 25%

Non Distress 94.12% 75%

Distress 100% 45.83%
Class Recall

Grey Area 87.5% 25%

Non Distress 100% 37.5%

Distress 62.5% 68.75%

The analysis of accuracy models applies two different
calculation of the Altman Z-Score framework, the Financial
Statement Account and the Ratio-Based model.

The overall accuracy of the Ratio-Based model (82.5%) is
considerably higher than that of the Financial Statement
Account approach (47.5%). This finding suggests that the
transformation of financial data into ratios enhances the
model’s ability to capture the relative financial condition of
firms. In contrast, the use of raw financial statement accounts
may limit the model’s effectiveness, as it does not adequately
reflect proportional relationships among financial variables.

In terms of class precision, the ratio-based model
demonstrates consistently superior performance across all
categories. The precision for the grey area classification is
53.85%, compared to 25% for the financial statement account
approach, indicating improved capability in identifying firms
within uncertain conditions. For the non-distress category, the
ratio-based model achieves a precision of 94.12%, whereas the
financial statement account approach records 75%, suggesting
a higher level of reliability in classifying financially healthy
firms. In the distress category, the ratio-based model attains
perfect precision (100%), implying the absence of false positive
classifications, while the financial statement account approach
only achieves 45.83%, reflecting a relatively high
misclassification rate.

From the perspective of class recall, the ratio-based model
also outperforms the financial statement account approach in
most categories. The recall for the grey area category reaches
87.5%, significantly higher than the 25% observed in the
financial statement account approach, indicating stronger
sensitivity in detecting firms within the grey zone. Similarly, in
the non-distress category, the ratio-based model achieves a
recall of 100%, compared to 37.5% for the financial statement
account approach. However, in the distress category, the
financial statement account approach is 68.75% which is
slightly exceeds the ratio-based model (62.5%), suggesting that
on distress category, financial statement account is more
sensitive in capturing a greater proportion of actual distressed
firms.
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Figure 4. Accuracy Prediction Testing of Ratio-Based Models
in the Springate S-Score Formula Using Naive Bayes
Classifier
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Figure 5. Accuracy Prediction Testing of the Model Based on
Financial Statement Account Balances Used to Calculate the
Springate S-Score with Naive Bayes Classifier

Table 2. Springate S-Score Result
Ratio-Based

Springate S-Score Financial Statement Account

Accuracy Percentage

95% 82.5%
Class Precission
Non Distress 83.33% 71.43%
Distress 100% 84.85%
Class Recall
Non Distress 100% 50%
Distress 93.33% 93.33%

The analysis of accuracy models applies two different
calculation approaches within the Springate S-Score
framework, namely the financial statement account approach
and the ratio-based model.

The overall accuracy of the ratio-based model (95%) is
higher than that of the financial statement account approach
(82.5%). This finding indicates that transforming financial data
into ratio form improves the model’s ability to represent the
relative financial condition of firms. In contrast, the use of raw
financial statement accounts may reduce the effectiveness of
the model, as it does not fully capture proportional relationships
among financial variables.

In terms of class precision, the ratio-based model
demonstrates better performance across all categories. For the

non-distress category, the ratio-based model achieves a
precision of 83.33%, compared to 71.43% for the financial
statement account approach, indicating greater reliability in
identifying financially healthy firms. In the distress category,
the ratio-based model attains perfect precision (100%),
implying that all firms classified as distressed are correctly
identified, whereas the financial statement account approach
achieves 84.85%, reflecting a higher likelihood of
misclassification.

From the perspective of class recall, the ratio-based model
also shows stronger performance in the non-distress category,
with a recall of 100% compared to 50% for the financial
statement account approach. This suggests that the ratio-based
model is more effective in capturing all actual non-distressed
firms. In the distress category, both approaches demonstrate
equal performance, with a recall value of 93.33%, indicating
that both models have a similar ability to identify the majority
of distressed firms.

Figure 6. Accuracy Prediction Testing of Ratio-Based Models
in the Zmijewski X-Score Formula Using Naive Bayes
Classifier

Figure 7. Accuracy Prediction Testing of the Model Based on
Financial Statement Account Balances Used to Calculate the
Zmijewski X-Score with Naive Bayes Classifier

Table 3. Zmijewski X-Score Result

Zmijewski X-Score  Ratio-Based  Financial Statement Account

Accuracy Percentage

80% 57.5%
Class Precission
Non Distress 78.57% 76.92%
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Distress 83.33% 48.15%
Class Recall

Non Distress 91.67% 41.67%

Distress 52.5% 81.25%

The analysis of accuracy models applies two different
calculation approaches within the Zmijewski X-Score
framework, namely the financial statement account approach
and the ratio-based model.

The overall accuracy of the ratio-based model (80%) is
higher than that of the financial statement account approach
(57.5%). This indicates that transforming financial statement
data into ratio form enhances the model’s ability to capture the
relative financial condition of firms. In contrast, the use of raw
financial statement accounts appears less effective in
representing proportional relationships among financial
variables, leading to lower classification accuracy.

In terms of class precision, the ratio-based model shows
generally better performance, particularly in the distress
category. For the non-distress category, the ratio-based model
achieves a precision of 78.57%, which is slightly higher than
the financial statement account approach (76.92%), indicating
relatively similar capability in identifying financially healthy
firms. However, in the distress category, the ratio-based model
records a significantly higher precision (83.33%) compared to
48.15% for the financial statement account approach,
suggesting that the ratio-based model is more reliable in
correctly classifying distressed firms and minimizing false
positives.

From the perspective of class recall, different patterns
emerge across categories. In the non-distress category, the
ratio-based model achieves a recall of 91.67%, substantially
higher than the 41.67% recorded by the financial statement
account approach, indicating stronger ability to capture all
actual non-distressed firms. Conversely, in the distress
category, the financial statement account approach (81.25%)
outperforms the ratio-based model (52.5%), suggesting that it
is more sensitive in identifying a greater proportion of actual
distressed firms.

Figure 8. Accuracy Prediction Testing of Ratio-Based Models
in the Grover G-Score Formula Using Naive Bayes Classifier

Figure 9. Accuracy Prediction Testing of the Model Based on
Financial Statement Account Balances Used to Calculate the
Grover G-Score with Naive Bayes Classifier
Table 4. Grover G-Score Result
Ratio-Based

Grover G-Score Financial Statement Account

Accuracy Percentage

95% 70%
Class Precission
Non Distress 96.67% 90.91%
Distress 90% 44.44%
Class Recall
Non Distress 96.67% 66.67%
Distress 90% 80%

The analysis of accuracy models applies two different
calculation approaches within the Grover G-Score framework,
namely the financial statement account approach and the ratio-
based model.

The overall accuracy of the ratio-based model (95%) is
substantially higher than that of the financial statement account
approach (70%). This finding indicates that transforming
financial data into ratio form enhances the model’s ability to
more accurately represent the financial condition of firms. In
contrast, the use of raw financial statement accounts may limit
the model’s effectiveness due to the lack of proportional
standardization among variables.

In terms of class precision, the ratio-based model
demonstrates superior performance across both categories. For
the non-distress category, the ratio-based model achieves a
precision of 96.67%, compared to 90.91% for the financial
statement account approach, indicating a higher level of
reliability in identifying financially healthy firms. In the
distress category, the difference is more pronounced, where the
ratio-based model records a precision of 90%, while the
financial statement account approach only achieves 44.44%,
suggesting a significantly higher misclassification rate in the
latter.

From the perspective of class recall, the ratio-based model
also outperforms the financial statement account approach in
both categories. In the non-distress category, the ratio-based
model achieves a recall of 96.67%, compared to 66.67% for the
financial statement account approach, indicating stronger
capability in capturing all actual non-distressed firms.
Similarly, in the distress category, the ratio-based model
records a recall of 90%, which is higher than the 80% achieved
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by the financial statement account approach, suggesting better
sensitivity in identifying distressed firms.

Table 5. Summary of Financial Distress Prediction
Accuracy Using Naive Bayes Classifier

distressed firms, models based on financial statement account
balances tend to exhibit relatively higher sensitivity in certain
distress classifications. This implies that the account-based
approach is more effective in capturing a larger proportion of

Accuracy Based Accuracy Based on

actual distressed firms, although this increased sensitivity is
accompanied by a greater likelihood of misclassification.
Based on the summary of testing results described on

No. Calculation Model on Financial Financial Statement
Ratios (%) Account Balances (%)
1 Altman Z-Score 82.5 47.5
2 Springate S-Score 95.0 82.5
3 Zmijewski X-Score 80.0 57.5
4 Grover G-Score 95.0 70.0

Table 5, this research indicate that the Springate S-Score and
Grover G-Score model provides the most precise models to
detect financial distress conditions within companies with an
accuracy rate of 95 percent. While utilizing financial ratios in

Table 5 presents a comparative summary of the prediction
accuracy of four financial distress models using the Naive
Bayes classifier. The results indicate that ratio-based models
consistently outperform models based on financial statement
account balances across all prediction methods. Among the
four models, the Springate S-Score and Grover G-Score
demonstrate the highest accuracy when using financial ratios,
each achieving an accuracy rate of 95 percent. However, when
account balances are used as input variables, the Springate S-
Score maintains relatively high predictive performance at 82.5
percent, indicating greater robustness compared to the other
models.

Discussion

The findings of this study provide a more comprehensive
evaluation of financial distress prediction models by
incorporating additional performance metrics beyond accuracy
using class precision and recall. These metrics class precision
and recall offer deeper insights into the classification behavior
of each model, particularly in distinguishing between non-
distress and distress conditions.

The empirical results indicate that the representation of
financial data plays a critical role in determining model
performance. Models based on financial ratios consistently
outperform those using raw financial statement account
balances across all evaluation metrics. This can be explained by
the ability of financial ratios to capture proportional
relationships between key financial variables, such as liquidity,
profitability and leverage. Ratios provide a normalized and
standardized form of data, which enhances comparability
across firms and improves the learning process of the Naive
Bayes classifier. In contrast, raw financial statement figures are
expressed in absolute terms, which may introduce scale bias
and reduce the model’s ability to generalize across different
firms.

A deeper evaluation using precision reveals that ratio-
based models are more effective in minimizing false positive
classifications, particularly in the distress category. This
indicates that when a firm is classified as distressed, there is a
higher probability that the classification is correct. Such
reliability is crucial for stakeholders, including investors and
creditors, who depend on accurate signals to make financial
decisions. On the other hand, recall analysis shows that while
ratio-based models generally perform better in identifying non-

the model calculation, Springate S Score provides the most
precise models achieving 82.5 percent to predict financial
distress.

The high accuracy of the Springate S-Score and Grover
G-Score models can be attributed to their emphasis on key
financial ratios that capture both profitability and operational
efficiency. These models incorporate variables such as earnings
relative to total assets and asset turnover, which reflect how
effectively firms utilize their resources to generate income [20].
In addition, their parsimonious structure, relying on a limited
number of informative variables, reduces model complexity
and mitigates the risk of overfitting within the Naive Bayes
framework [21]. As Naive Bayes assumes conditional
independence among predictors, the use of less correlated
variables enables more stable probabilistic estimation. In
contrast, the inclusion of numerous financial indicators or raw
account values increases the likelihood of redundancy and
multicollinearity, ~which may weaken classification
performance.

In contrast, the Altman Z-Score and Zmijewski X-Score
models rely more heavily on broader financial structures,
including leverage and liquidity components. While these
variables are important, they may not fully capture the
operational performance of firms, especially in dynamic
business environments [21]. As a result, these models tend to
be more sensitive to financial structure rather than efficiency,
which can reduce their discriminative power when compared to
models that incorporate more performance-oriented ratios [13].

From a methodological standpoint, the inclusion of
precision and recall as evaluation metrics strengthens the
validity of the results by providing a more nuanced
understanding of model effectiveness. These metrics highlight
the trade-off between accuracy, reliability and sensitivity in
financial distress prediction [22]. While ratio-based models
offer higher overall accuracy and precision, financial statement
account-based models may still contribute value in contexts
where identifying as many potential distress cases as possible
is prioritized.

This study contributes to the financial distress prediction
literature by showing that models based on financial ratios tend
to achieve better predictive performance than those using raw
financial statement data. This finding supports the view that
ratio-based measures, as normalized indicators, are more
effective in capturing firm conditions and improving
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comparability across observations. In addition, the results
indicate that models emphasizing efficiency and profitability
ratios, such as the Springate S-Score and Grover G-Score, are
better at distinguishing between distressed and non-distressed
firms [23], [24].

This finding is supported by research conducted by [20],
which asserts that the Springate S-Score model has consistently
demonstrated the highest accuracy compared to other models.
The advantage of the asset turnover ratio lies in its capacity to
offer comprehensive insights into a company’s asset
productivity. It indicates how effective a company employs
both fixed and current assets to generate sales. Since this ratio
reflects operational efficiency, it can aid in the early detection
of potential financial distress. Companies with low asset
efficiency may face cash flow difficulties due to insufficient
revenue generation to cover operational costs or other
obligations. Conversely, a high ratio indicates effective asset
management and a stronger capacity to maintain financial
stability.

IV. CONCLUSION

Based on the predictive evaluation employing the Naive
Bayes classification method, this study confirms that the
Springate S-Score and Grover G-Score models provide the
highest predictive performance among the examined models in
detecting corporate financial distress. Both models achieve an
accuracy rate of 95 percent when financial ratios are used, while
the Springate S-Score remains the most robust model under the
financial statement account approach, with an accuracy of 82.5
percent. These findings indicate that model performance is not
only influenced by the choice of algorithm, but also by the
structure of the model and the representation of financial data
[25].

The results further demonstrate that the use of financial
ratios significantly enhances predictive capability compared to
raw financial statement account balances. This highlights the
importance of data transformation in financial distress
prediction, as ratios are able to capture proportional
relationships and improve comparability across firms. In
addition, the inclusion of operational efficiency indicators,
particularly asset turnover, contributes to the superior
performance of the Springate and Grover models, suggesting
that efficiency-based variables provide more informative
signals in identifying early signs of financial distress.

From a practical perspective, the findings offer important
implications for stakeholders such as investors, creditors, and
policymakers. The results suggest that ratio-based models,
particularly the Springate S-Score and Grover G-Score, can be
utilized as more reliable tools for financial distress prediction
and early warning systems. From an academic perspective, this
study contributes to the literature by providing a more
comprehensive evaluation of prediction models through the
inclusion of precision and recall metrics, thereby offering a
deeper understanding of model performance beyond accuracy
alone.

However, this study is subject to several limitations. The
sample is limited to 20 state-owned enterprises listed on the
Indonesia Stock Exchange over the 2020-2023 period, which
may restrict the generalizability of the findings to other sectors
or types of firms. In addition, the study employs a single
classification method, namely Naive Bayes, without comparing
its performance to other machine learning algorithms.
Furthermore, although precision and recall have been
incorporated, other evaluation metrics such as Fl-score or
cross-validation techniques were not explored in greater depth.

Future research is therefore recommended to expand the
scope of analysis by including a larger and more diverse
sample, such as private firms or companies from different
industries and countries. Further studies may also compare
multiple classification methods, including more advanced
machine learning techniques, to assess the consistency of the
results. In addition, integrating hybrid approaches that combine
financial ratios and financial statement account data may
provide a more balanced model in terms of accuracy and
sensitivity. Such developments are expected to enhance the
robustness and applicability of financial distress prediction
models in both academic and practical contexts.

V.RECOMMENDATIONS

The findings of this research indicates that the Springate S-
Score model exhibits the strongest accuracy in predicting
corporate financial distress, future research is recommended to
expand the dataset by including more companies and longer
observation periods, as well as to apply and compare other
machine learning methods such as decision trees, random
forests, or support vector machines. Further studies may also
explore the integration of additional financial and non-financial
variables to enhance predictive performance and model
robustness.
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