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performance. The case study adopted in this study is the prediction of
financial distress in non-financial companies listed on the IDX from
2018-2021 by combining k-means clustering and Support Vector
Machine. The analysis results show that the hybrid classifier has an
accuracy value of 92.7%, which is higher than the accuracy of the
single classifier, which is 88.6%.

1. INTRODUCTION

Business failure detection plays a vital role in the professional field. The risk of business failure has become
one of the crucial factors in business decisions. For years, professionals have tried to detect potential business
failures to reduce the impact caused by bankruptcy [1]-[3]. Company failures are generally preceded by financial
distress, which can be seen through the company’s performance in the last one or several years [4]. A company is
vulnerable to financial distress if it often lacks cash and small income streams; hence, it cannot pay off maturing
debts [5], [6]. The criteria for a company experiencing financial distress is if the company has a negative financial
record or business losses for three consecutive years [7], [8]. Financial distress must be detected as early as possible
as an important determining factor in decision-making, not only for internal companies but also for financial
institutions related to financing or loan decisions.

Various techniques have been developed over the years to analyze and make decisions with practical methods
for predicting financial distress based on various financial ratios and mathematical models, including linear and
logistic regression, Multivariate Adaptive Regression Splines (MARS), survival analysis, linear, quadratic and multi-
criteria programming [9]-[11]. Most of these techniques usually rely on assumptions of linear separability,
multivariate normality, and independence between explanatory variables [12]. However, this condition is often not
met in real situations. As an alternative, a machine learning approach has begun to be applied to predict financial
distress. Several studies show machine learning has superior predictive results to traditional statistical methods
[13]-[17].

In Indonesia, Support Vector Machine (SVM) is one of the most popular machine learning techniques for
predicting financial distress. It is considered better in its application to the classification model because of its ability
to describe the complexity of the model [18]. The hyperplane between classes formulated from the training data is
limited to the distribution of linear lines or planes and can be described as parametric radials or three-dimensional
surfaces. Several studies on the application of SVM in predicting financial distress show a fairly good performance
[19] and even better results when compared to Linear Discriminant Analysis (LDA) [20], [21]. Although SVM is
generally superior to LDA, the accuracy obtained from previous studies is still less than optimal.
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One technique that can be used to improve classifier performance is to apply ensemble learning that combines
several machine learning techniques into a hybrid model, such as supervised and unsupervised learning.
Unsupervised learning can reveal the underlying structure of the sample space and the intrinsic relationships between
samples. This information provides an additional description of the data and increases the classification effectiveness
of supervised learning [22]. Several studies have shown that a hybrid classifier performs better than a single classifier
[23]-[25].

Using 20 financial ratios from various studies, this study introduces a new approach that has never been applied
before in predicting financial distress for non-financial companies listed on the IDX. A new ensemble learning
approach will be applied by combining k-means clustering with SVM. This study used k-means for pre-classification
to arrange meaningful groups based on similarity measures. At the same time, this can also be used to filter out
outliers to reduce prediction errors during building a classification model [26]. The results of clustering in the form
of data groups are then used to build a classifier using SVM.

2. MATERIAL AND METHODOLOGIES
2.1 Classification

Classification is a grouping of data where the data used has a label or target class so that the algorithms to solve
this problem are categorized into supervised learning. The purpose of supervised learning is that data labels or targets
play the role of a ‘supervisor’ or ‘teacher’ who oversees the learning process to achieve a certain level of accuracy or
precision. This study uses the classification technique Support Vector Machine (SVM).

SVM is a method developed by [27] to improve classification accuracy performance. This method is an excellent
method to overcome the problem of high-dimensional classification. The fundamental concept of SVM is to find a
hyperplane in N-dimensional space that can classify data [27].

Suppose a classification problem of m points in A" is represented by an A matrix of size m x n where each A;is
a D matrix of size m x m with a value of 1 or -1 on the main diagonal. The SVM formulation for nonlinear problems is
shown in equation Error! Reference source not found..

min LuTDK (A,A")Du-e"u
ueR™ 2 (1)
st. e'Du=0, 0<u<ve
where K (A, A7) is a kernel function that maps data to higher dimensions. After that, the hyperplane is created using
linear SVM to optimally separate the two classes. The resulting hyperplane can be seen in equation Error! Reference
source not found..
K(x",AT)Du=y 2)
where
y=K(A,AT)Du-D;, iel={jl0<u;<v| (3)

This study uses a linear function as a kernel function in SYM denoted as K (A, AT) = ATA.
2.2. Clustering

Cluster analysis is a multivariate technique with the primary goal of grouping objects based on their
characteristics. It classifies objects so that each object with similar properties will be grouped into the same cluster
[28]. A clustering technique used in this study is k-means.

K-means attempts to find the assignment of observations to a fixed number of clusters Kthat minimize the
sum over all clusters of the sum of squares within clusters:

DD =)’ ()

k=1 1i:x;€Cy
where x., is the average of all the points belonging to cluster k.
The most common algorithm uses an iterative refinement technique, often known as Lloyd’s algorithm:
1. Begin with K'starting centres.
2. Assign each observation to the cluster with the closest centre.
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3. Re-calculate the cluster centres by finding the centroids of each cluster’s assigned observations.
4. lterate steps 2 and 3 until convergence.
5. The final cluster centres are considered the best representative of the clusters.

2.3. Hybrid Classifier

A hybrid classifier algorithm is developed by merging two or more heterogonous machine learning
approaches, such as clustering and classification techniques, as shown in Figure 1 [29].

input > | cluster | > | classifier | > output

Figure 1. Architecture of a Hybrid Classifier

At first, clustering can be used as a pre-processing stage to identify pattern classes for subsequent supervised
classification [28]. Therefore, the clustering result can be used to identify major populations of a given dataset or
pre-classify unlabeled collections. The cluster technique can also detect outliers so that only representative data is
used for the classification stage.

After the clustering process, the next step is to build a classifier. Results from the previous clustering process
become the training set to train a classifier. After the classifier is trained, it can classify new instances.

2.4. Model Evaluation

The classifier's performance is evaluated using the area under the Receiver Operating Characteristics (ROC)
curve that is appropriate for imbalance data [30]. Area Under Curve (AUC) is calculated using equation Error!
Reference source not found..

1+ TPrate - FPrate

AUC = > (5)

where TP and FP4e can be obtained using equation Error! Reference source not found. and Error! Reference
source not found..

TP

TPrate = Tp T FN (©)
FP

FPrate = Tp v 7N (7)

The value of TP, FP, TN, and TP is obtained from confusion matrix in Table 1.

Table 1. Confussion Matrix

Prediction
Positive (0) Negative (1)
Positive (0) True Positive (TP) False Negative (FN)
Negative (1) False Positive (FP) True Negative (TN)

Actual

2.5. Datasets

The data used in this study were taken from companies’ financial statements on the Indonesia Stock Exchange
from 2020 to 2023. The companies involved in this study were non-financial companies with complete financial
reports from 2020-2023. The sample will be classified into two categories: 0: financially healthy companies and 1:
financially distressed companies. A company is said to be in financial distress if the company has a negative financial
record or business losses for three consecutive years [7], [8]. Based on research [21], the variables that will be used
as independent variables to form the prediction model are presented in Table 2.

Table 2. Financial Ratios Indexes

Variahle Definition
X1 EBIT/ Total Asset
X2 Sales/ Total Asset
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X3 Sales/ Fixed Asset

X4 Earning/ Debt

X5 Current Ratio

X6 Working Capital/ Total Asset

X7 ROE

X8 Retained Earning/ Total Asset

X9 Gross Profit Ratio

X10 Operating Profit Ratio

X11 Net Profit Ratio

X12 EBIT/ Sales

X13 ROI

X14 Working Capital/ Long Term Debt
X15 Debt to Equity

X16 Book Equity/ Total Capital

X17 Market Value Equity/ Total Capital
X18 Market Value Equity/ Liability
X19 PER

X20 PBV

2.6. Methodology

The financial distress prediction model is determined based on testing the company’s financial performance in
year (f-1) against the actual financial condition that occurs one year later (). Therefore, the first step is to divide the
data into training and testing data using hold-out method. The training data covers companies in the non-financial
sector in 2022 (#-1), while the testing data covers companies in the non-financial sector in 2023 (f).

After pre-processing the data, including outlier removal, the analysis is proceeded to build a single classifier
using SVM algorithm and a hybrid classifier that combines k&means clustering with SVM. The value of k was initially
set to three. As for SVM, we used grid search for hyperparameter tuning. After that, we built single and hybrid
classifier. Lastly, the performance of those two classifiers will be compared to choose the best classifier for predicting
the financial condition of non-financial listed companies in Indonesia.

3. RESULTS AND DISCUSSION
3.1 Financial Conditions of Non-Financial Sector Companies

This study uses financial reports from 510 non-financial companies in Indonesia. The proportions of financial
conditions in 2022 and 2023 can be seen in Figure 2, where the number of financially healthy companies is around
eight times that of those with financially distressed conditions. A company in 2022 is said to be financially distressed
if it consecutively has a negative net income for 2019, 2020, and 2021. If the same problem occurs consecutively in
2020, 2021, and 2022, then the company also experience financial distress in 2023.
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Figure 2. The Proportion of Companies Experiencing Financial Distress

3.2 Cluster Analysis

The analysis begins with cluster analysis using k-means for financial data 2022 as the initial stage of building
a hybrid classifier and filtering outliers. Figure 3 shows three groups formed from clustering after the outliers are
removed. It can be seen that Cluster 1 has the most members, followed by Cluster 2 and finally Cluster 3. The data,
which initially consisted of 510 companies, is reduced to 397 companies, of which 88.2% have healthy financial
conditions while the rest are financially distressed. This data is then used to build the classifier.

Dim2 (12.2%)

Dim1 (17.4%)

Figure 3. Clusters Formed After Outlier Removal

3.3 Building Classifier

In this study, the prediction model for financial condition was built using two approaches: single classifier and
hybrid classifier. SVM is implemented to build a single classifier, whereas for a hybrid classifier, the result of
clustering from k-means analysis is added as a predictor to SVM model. As mentioned before, the prediction model
is built from 2022 data, whereas the data from 2023 is used for evaluation.

Table 3. Performance Evaluation
Methods Accuracy Sensitivity Specificity AUC
Single Classifier (SVM) 88.6% 89.0% 66.7% 0.56
Hybrid Classifier (k-means + SVM)  92.7% 94.7% 73.7% 0.78

The performance evaluation of single classifiers and hybrid classifiers is presented in Table 3. It is apparent
that the financial condition of Indonesia listed company can be better predicted by the hybrid classifier combining k-
means clustering and SVM. The addition of clustering at the pre-processing stage can increase the accuracy of the
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classification model by 8.1% compared to a single classifier using SVM. The hybrid model can accurately predict
the company’s financial condition by 92.7%. Specifically, the model can accurately predict financially healthy
companies by 94.7% and companies that experience financial distress by 73.7%. However, the proposed hybrid
classifier is only included in a “fair classification” category, which might be due to imbalanced data. The performance
of predicted models is significantly impacted when the dataset is highly imbalanced and the sample size grows [31].
In the case of imbalanced data, the classifier will tend to be better at predicting the class that has a larger proportion
of data, as we can see in Table 3, where the sensitivity of both models is higher than the specificity, which reflects
the model’s ability to classify companies experiencing financial distressed.

4. CONCLUSION

In this study, combining unsupervised learning (k-means) techniques with supervised learning (SVM) in
building a classifier has been proven to improve the performance of the classification model. Nevertheless, the ability
of the hybrid model to classify and predict the company’s financial condition in the future is still categorized as fair.
This is probably caused by unbalanced data conditions where the number of companies with healthy financial
conditions is about eight times that of those experiencing financial distress, which causes the model’s ability to
classify a financially distressed company to be low. Therefore, in further research, the problem of data imbalance
can be overcome before the process of building a classification and prediction model.
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