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Abstract— Financial distress prediction is an interesting
topic to be studied because of its significant impact on various
stakeholders. Various methods have been developed to predict
the company's financial distress. Among the famous models,
the Support Vector Machine (SVM) is claimed to be the most
successful model in prediction and classification. SVM is a
machine learning method that works on the principle of
Structural Risk Minimization (SRM) with the aim of finding
the best hyperplane that separates two classes in the input
space by maximizing the hyperplane margin and obtaining the
best support vector. This study applies the SVM model in
predicting the financial distress of property and real estate
companies listed on the Indonesia Stock Exchange. There were
18 variables of financial ratios used in this study. By Using
Principal Component Analysis (PCA) in feature selections
there are five variables selected in this study, namely Return
on Assets, Return on Equity, Net Profit Margin, Earning Per
Share, and Operating Profit Margin. The SVM model is
formed by dividing the training and testing data with 10-fold
cross-validation and using three kernels: linear kernel,
polynomial, and Radial Basis Function (RBF). The best SVM
model formed is the SVM model with RBF kernel type with
parameters sigma = 1 and C = 1.0 which can predict financial
distress with an accuracy value of 82.99% and an error rate of
17.01%.

Keywords— financial distress, machine learning, support
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I. INTRODUCTION

Financial distress is a stage of the company's financial
condition where there is a decline before the company faces
bankruptcy or liquidation [1]. The bankruptcy of a company
can cause economic disruption for the company's
management, investors, creditors, suppliers, employees, and
can even destabilize the economy of a country. Thus the
prediction of financial distress becomes one of the most
important parts in evaluating the prospects for the
company's sustainability and has a significant impact on
various parties [2].

According to [3] internal factors that can cause a
company to be in financial distress are poor management,
autocratic leadership, and the company's inability to adapt
and compete in the market. However, apart from that,
external factors can also be a significant cause of a company
being in a state of financial distress. One of them is the
Covid-19 Pandemic that hit the world at the beginning of
2020. The pandemic has disrupted lives across all countries
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and communities and negatively affected global economic
growth in 2020 beyond anything experienced in nearly a
century [4]. Various social restrictions and several
prohibitions related to preventing the Covid-19 pandemic by
various countries around the world, including in Indonesia,
caused almost 80 percent of companies to experience a
drastic decline in income [5]. According to data from the
Central Statistics Agency or Badan Pusat Statistik (BPS) on
September 15, 2020, 82.85% of companies in Indonesia
were affected by the Covid-19 pandemic. Reporting from
CNBC Indonesia [6] data from the Association of
Indonesian Issuers or Asosiasi Emiten Indonesia (AEI)
stated that more than 50 companies listed on the Indonesia
Stock Exchange are starting to experience difficulties due to
the impact of the Covid-19 pandemic. According to [7] this
condition will lead to an economic crisis due to the impact
of the pandemic.

Of the many sectors affected by Covid-19, the property
and real estate sector is one sector that has a large multiplier
impact on the economy. The property and real estate sector
have a great influence on other industries such as the
material industry, logistics, services, financial industry, and
banking [8]. That is why authorities in many countries pay
great attention to any developments in the property and real
estate sector. However, during the Covid-19 pandemic, this
sector can be said to be completely paralyzed [9].

One example of a case that has shocked the world
economy due to financial distress from the property and real
estate sector is the case of the giant company of a Chinese
property, Evergrande, at the end of 2021. The main reason
was that Evergrande, like other property sector companies,
run its business mostly from debt [10] [11]. Reporting from
[12] Indonesian Minister of Finance Sri Mulyani admitted
that she was worried about the financial crisis in
Evergrande. According to her, the financial crisis due to
company’s dependence on debt is a new risk to the world.
This reinforces that modeling financial distress predictions
for companies in the property and real estate sectors is an
important thing to do.

Various methods have been developed to predict the
company's financial distress. Reference [13] started the
financial distress prediction model using the company's
financial ratios, [14] developed the Altman Z-Score, [15]
developed logistic regression to determine the possibility of
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the company experiencing financial distress. In addition,
[16] also developed a financial distress forecast using the
Factor Analysis method.

To reduce the weaknesses of the previous statistical
methods, statistical methods began to be combined with
Machine Learning [2], [17], [18]. Machine learning is a
computational and statistical approach to extracting patterns
and trends from data. Machine learning can be defined as
computer applications and statistical ~mathematical
algorithms that are adopted by means of learning that comes
from data and produces accurate predictions [19]. The
learning process in machine learning is an attempt to acquire
intelligence through two stages, including training and
testing [20]. Some famous combination methods of statistics
and machine learning are decision trees using k-nearest
neighborhood, genetic algorithm (GA), artificial neural
network (ANN) and support vector machine (SVM).

Among the various models, the Support Vector Machine
(SVM) model developed by [21] is claimed to be the most
successful model in prediction and classification. The same
thing was also concluded by [22]. In their research that
applied 16 classifiers to 21 data sets showed that SVM is the
most powerful method in machine learning. According to
[23] and [24] SVM is a supervised learning technique to
make predictions, both in the case of classification and
regression. Furthermore, [25] stated that SVM is a machine
learning method that works on the principle of Structural
Risk Minimization (SRM) with the aim of finding the best
hyperplane that separates two classes (categories) in the
input space. Two classes in SVM are denoted by class -1
and class +1. The best hyperplane is a hyperplane that is
located in the middle between two sets of objects from two
classes (categories). The best dividing hyperplane between
the two classes (category) can be found by measuring the
margin of the hyperplane and finding its maximum point.
Margin is the distance between the hyperplane and the
closest pattern of each class. This closest pattern is called a
support vector.

SVM has the basic principle of a linear classifier and
was developed to work on non-linear problems by including
kernel tricks in high-dimensional workspaces. The Kernel in
SVM can be linear or non-linear, namely Radial Basis
Function (RBF), polynomial, or sigmoid [26]. SVM has
advantages including in determining the distance using a
support vector so that the computational process becomes
fast [21]. According to [27] SVM is a classifier that has the
advantage of being able to process high-dimensional data,
without experiencing a significant decrease in performance.
In several studies, it was shown that SVM is an efficient
method [28] [29].

Several previous studies have applied the SVM
prediction model in the field of financial distress such as
[30] who applied SVM to predict bankruptcy using the
Fuzzy function, [31] who proposed the SVM ensemble
method with several feature selections, [32] who applied
SVM to Prediction of Financial distress and bankruptcy for
Japanese Corporations, [33] in their research about
predicting Financial Distress and bankruptcy in industrial
companies operating in the Czech Republic Using the SVM
Method, [2] applying machine learning methods including

SVM in predicting bankruptcy of companies in China, as
well as [34] who applied SVM to the prediction of financial
distress of companies in the consumer goods industry.

This study applies SVM in predicting financial distress in
property and real estate sector companies using linear and
nonlinear kernels (Radial Basis Function and Polynomial)
and pre-processing feature selection using Principal
Component Analysis (PCA). This model was formed in
order to produce a high accuracy value and a low level of
misclassification so that it can be a reference for stakeholders
such as management, investors, and banking institutions in
making the right decisions about the companies of the
property and real estate sector.

II. METHODS

A. Data and Variables

The data used in this study is quantitative data in the
form of financial ratios of property and real estate sector
companies from 2018-2021 listed on the Indonesia Stock
Exchange. The population in this study is the Property and
Real Estate Sector Companies listed on the Indonesia Stock
Exchange. The sample taken is a saturated sample of 61
companies with 2018-2021 financial statements.

The variables used in this study are divided into two
parts, which are:

1. Dependent variable
The dependent variable is the classification of financial
distress of companies that are labeled as -1 for
companies experiencing financial distress and labeled
+1 for companies that are not experiencing financial
distress. The criteria used to determine a company
experiencing financial distress is if the company in its
financial statements meets one or more of the following
criteria [35] [36]
a. Negative working capital;
b. Negative operating profit; or
c. Negative net income.
2. Independent variable
The independent variables are in the form of financial
ratios with the following details:
e Liquidity Ratio:
Working Capital to total Asset (X1), Current Ratio
(X2), Quick Ratio (X3), Account Receivable
Turnover (X4), and Inventory Turnover (X5)
e Solvability Ratio:
Debt-to-Equity (X6) and Leverage Ratio (X7)
e Profitability Ratio:
Gross Profit Margin (X8), Net Profit Margin (X9),
Operating Profit Margin (X10), Return on Equity
(X11), and Return on Assets (X12)
e  Asset Utilization Ratio:
Asset Turnover Rate (X13), Working Capital
Turnover Rate (X14), and Fixed Asset Turnover
Rate (X15)
e Investor Ratio:
Earning Per Share (X16), Price Earning Ratio
(X17), and Book Value Per Share (X18)
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Because this study aims to predict, the dependent variable
used is the n-th year period while the independent variable is
the n-1-th period.

B. The Data Analysis Step

There are three steps of data analysis of this study:
1. Pre-processing
At this stage, cleaning and transformation are
carried out on the data and samples used. After cleaning
and transformation, dimension reduction is carried out
on the independent variable/feature using the Principal
Component Analysis (PCA) method. The purpose of
dimensional reduction is to form a new variable (called
Principal Component/PC) which is a linear combination
of independent variables where these new variables do
not have multicollinearity with each other. Then the
selection of variables/features based on the eigenvectors
that meet the criteria (the absolute value of the
eigenvectors is more than 0.3) from the Principal
Component (PC) that is formed.
2. Modeling
a. At this stage the data is divided into two groups,
namely training data and testing data. Training data
is a group of data used to form a model, while
testing data is data used to measure the accuracy of
the model formed. The distribution of training and
testing data is using the K-Fold Cross Validation
method. A 10-fold CV is one of the recommended
K-fold CVs for selecting the best model because it
tends to provide less biased accuracy estimates
compared to an ordinary CV, leave-one-out CV,
and bootstrap [37]. In a 10-fold CV, the data is
divided into 10 folds of approximately equal size,
so that 10 subsets of data are obtained to evaluate
the performance of the model. For each of the 10
data subsets, CV will use 9 folds for training and 1-
fold for testing alternately for up to 10 iterations.
b. Determine the value of the parameter constant C >
0 which is a tolerance for misclassification errors.
A high C value indicates the softer margin used.
The risk of using a high C value can lead to
overfitting of the model, while if the C value is too
low, the model will overgeneralize in the
classification [37]. The C values used in this study
were 0.0, 0.5, 1.0, and 5.0.
c. The model is then formed using SVM with
RapidMiner software using Linear Kernel, Radial
Basis Function Kernel, and Polynomial Kernel.

3. Model Evaluation
The model is evaluated using the confusion matrix as
shown in Table 1. The calculation of accuracy and error
rate can be computed using the following formula

TABLE 1. CONFUSION MATRIX.
True Class
Category D Not FD Total
Pred. FD TP FP P’
Class Not FD FN TN N’
Total P N

TP+TN

accuracy =—— (1)
to — FP +FN
errorrate = PIN )

Besides that, the measurements that can be used to

evaluate the classification are
TP

precision = —— 3)
TP TP
recall = TP+FN P 4

TP (True Positive) is the number of financial distress
cases in property and real estate sector companies that
were successfully predicted by the SVM model. TN
(True Negative) is the number of cases in property and
real estate companies that do not have financial distress
issues and the SVM also predicted it as well. While FP
(False Positive) and FN (False Negative) are when the
SVM failed to predict the right condition in a case.
Results and Discussions

C. Pre-Processing

At the pre-processing stage, cleaning is carried out with the
criteria of removing incomplete data subsets of all attributes
(variables) used. After cleaning, a transformation is carried
out by making the data follow a normal distribution
(normalize data, which has a mean of 0 and a variance of 1).
After cleaning and transformation, dimension reduction is
carried out on the independent variable/feature using the
Principal Component Analysis (PCA) method.

The variance of PCs formed by PCA is shown in Table 2.
There are 18 Principal Components (PC) formed. However,
the PC that was chosen was PC1 because it has the highest
proportion of variance compared to other PCs. Then the
selection of variables or attributes based on the eigenvectors
that meet the criteria (the absolute value of the eigenvectors
is more than 0.3) from PCI is formed.

TABLE 2. VARIANCE OF PRINCIPAL COMPONENT
PC Std Dev Proportion of Var | Cumulative Var
PCI 2.034 0.230 0.230
PC2 1.607 0.143 0.373
PC3 1.344 0.100 0.474
PC4 1.171 0.076 0.550
PC5 1.127 0.071 0.620
PC6 1.031 0.059 0.679
PC7 0.981 0.053 0.733
PC8 0.972 0.052 0.785
PC9 0.894 0.044 0.830
PC10 0.849 0.040 0.870
PCl11 0.818 0.037 0.907
PCI12 0.731 0.030 0.937
PCI13 0.708 0.028 0.965
PC14 0.567 0.018 0.983
PC15 0.450 0.011 0.994
PC16 0.221 0.003 0.996
PC17 0.194 0.002 0.999
PC18 0.159 0.001 1.000
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TABLE 3. THE EIGEN VECTOR.
. Eigen Vector Abs Eigen
Variable PC1 Vector PC1

X12. Return On Asset 0.444 0.444
X11. Return On Equity 0.439 0.439
X9. Net Profit Margin 0.415 0.415
X16. Earnings per share 0.327 0.327
X10. Operating Profit Margin 0.303 0.303
X5. Inventory TO -0.284 0.284
X18. Book Value Per Share 0.262 0.262
X8. Gross Profit Margin 0.181 0.181
X13. Asset Turnover 0.167 0.167
X7. Leverage Ratio -0.124 0.124
X6. Debt to Equity -0.090 0.090
X1 (Working Capital to total 0.046 0.046
Asset)

X15. Fix Asset Turnover 0.034 0.034
X2 (Current Ratio) -0.029 0.029
X14. Working capital Turnover 0.027 0.027
X3. Quick Ratio -0.025 0.025
X17. Price Earnings Ratio -0.005 0.005
X4. Account Receivable Turnover

(TO) 0.003 0.003

Table 3 shows that there are five variables/attributes that
have absolute values of PC1 eigenvectors greater than 0.3,
namely X12 (Return on Assets), X11 (Return on Equity),
X9 (Net Profit Margin), X16 (Earning Per Share), and X10
(Operating Profit Margin). Thus, for further analysis, only
data from these five variables are used.

D. Modelling

Dividing the data into two sets, which are training and
testing data sets using 10-fold CV. The next step is forming
the SVM model using three types of the kernel, which are
Linear, Polynomial, and RBF. For the linear kernel, the
parameter used to form the SVM model is C = 0.0, C=0.5,
C=1.0, dan C=5.0. While to form the SVM model using a
polynomial kernel, the degree of a polynomial and the value
of C are needed. The degree of a polynomial that will be
tested in this study is 2, 3, and 4 while C=0.0, C=0.5, C =
1.0, dan C = 5.0. To form an SVM model with a Radial Basis
Function (RBF) kernel, first, determine the value of
parameters. The value of C were 0.0, 0.5, 1.0, and 5.0 and
the value of sigma were 1, 2, 3, and 4.

The SVM models that have been formed are evaluated
with a confusion matrix which determines how many
prediction classes are right for the original class. The criteria
used in this confusion matrix are accuracy (number of cases
correctly predicted compared to total cases), error rate
(number of cases incorrectly predicted compared to total
cases), precision, and recall. A good model is one that has
high accuracy, precision, and recall but also has a low error
rate. The evaluation results of the best models in each kernel
type formed in this study are shown in Table 4.

TABLE 4. MODEL EVALUATION.
Evaluation (%)

Kernel Type Accuracy Error rate Precision Recall
Linier C=5.0 81.06 18.94 89.09 59.04
Polynomial,
degree=2,
C=5.0 70.15 29.85 76.32 34.94
RBF
sigma=1,
C=1.0 82.99 17.01 86.15 67.47

TABLE 5. THE CONFUSION MATRIX OF THE BEST SVM.
True Class
Category FD Not FD Total
Predicton | D 56 9 65
Class Not FD 27 119 146
Total 83 128 211

Table 4 shows that the SVM model using RBF kernel
type and the value of parameter sigma =1 and C = 1.0 gave
the highest accuracy rate which is 82.99% and the lowest
error rate which is 17.01%. This model was also supported
by the value of precision of 86.15% and a recall value of
67.47%. While the SVM model using Linear and
Polynomial kernel types only gave the best accuracy value
of 81.06% and 70.15% respectively which is lower than the
accuracy of the RBF kernel type. The RBF Kernel Type
model using sigma=1 is as follows:

2 2
K(x;,x)) = exp (“m"x;(];i” ) =exp (w I =11 —zlel ) )

The confusion matrix formed from that model is shown in
Table 5. It is shown that from 83 cases of financial distress in
property and real estate companies, the best SVM can predict
56 cases successfully, while 27 cases of financial distress can
not be predicted by the model. Also, that model can predict
119 cases out of 129 cases of non-financial distress
accurately, only 9 cases were miss-predicted. This result
shows that the SVM model based on the Radial Basis
Function kernel gives high accuracy in predicting the
financial distress of property and real estate companies. This
model can be used to predict another case of financial
distress in property and real estate companies listed in the
Indonesian Stock Exchange as decision consideration in
investments, or any other significant decisions.

III. CONCLUSSIONS

After going through various stages, namely pre-
processing, modeling, and evaluation, this research
concludes: Pre-processing with cleaning and feature
selection using Principal Component Analysis (PCA)
produces 5 independent variables used in the model, namely
X12 (Return on Assets), X11 (Return on Equity), X9 (Net
Profit Margin), X16 (Eaming Per Share), and X10
(Operating Profit Margin). The best model formed is the
SVM model with the Radial Basis Function (RBF) kernel
with the value of parameter sigma = 1 and C = 1.0. This
model has an accuracy value of 82.99% and an error rate of
17.01% in predicting the financial distress of property and
real estate companies listed on the Indonesian Stock
Exchange.
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