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Abstract: According to the Insolvency Department of Malaysia, as of December 2023, 233,483 Malaysians are
currently involved in bankruptcy cases due to their defaults on hire purchase loans, credit card loans, personal
loans, housing loans, and business loans. This is indeed a critical issue because the growing number of personal
bankruptcy cases will hurt the Malaysian economy as well as society. From an individual's economic
perspective, bankruptcy minimizes their chances of getting a job. Apart from that, their accounts will be frozen,
they will lose control of their properties and assets, and they will not be allowed to start any business or be a
part of any company's Board of Directors. Bankrupts also will be rejected from any loan application. This paper
examines this problem by developing a personal bankruptcy prediction model using the logistic regression
technique. This paper defines "bankrupt" as terminated members who failed to settle their loans. The sample
comprised 24,546 cases with 17% settled cases and 83% terminated cases. The data included a dependent
variable, i.e., bankruptcy status (Y=1(bankrupt), Y=0(non-bankrupt)), and 12 predictors. Upon completion,
this paper succeeds in coming out with a reliable personal bankruptcy prediction model and significant
variables of personal bankruptcy. The findings of this paper are very beneficial and significant to creditors,
banks, the Malaysia Department of Insolvency, potential borrowers, members of AKPK, and society in general
in raising awareness of personal bankruptcy risks and such information may help them to take preventive
measures in minimizing the number of personal bankruptcy cases.
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1. Introduction and Background

Personal bankruptcy has been a topic of extensive interest because personal bankruptcy filings are an
important indicator of household financial problems nationally (International Monetary Fund, 2017; Garrido
etal, 2020). In Malaysia, personal bankruptcy cases have been on an upward trend since 2007. However, from
2014 until 2018, the trend has been up and down with not less than twelve thousand cases per year (Malaysia
Department of Insolvency, 2019). In addition, from 2020 to 2022, the trend has decreased, with 7221 cases in
2020, 6554 cases in 2021, and 5695 cases in 2022. (Malaysia Department of Insolvency, 2020,2021,2022). This
was due to the amendment of the bankruptcy threshold amount. In Malaysia, a debtor is declared bankrupt,
under an Adjudication Order made by the High Court against the debtor if he is unable to pay his debts of at
least RM30,000.00 (Malaysia Department of Insolvency, 2017). On 29t of March 2017, the Bankruptcy
(Amendment) Bill 2016 was passed in the Dewan Rakyat. Among the major changes to the Bankruptcy Act
1967 were substituting the term ‘bankruptcy’ in all proceedings to ‘insolvency’, the threshold to be declared as
bankrupt increased to RM50k debt amount, automatically releasing bankrupts after three years and social
guarantors cannot be declared bankrupt. Again in 2020, the Parliament sought to amend the Bankruptcy Act
1967 by increasing the minimum debt threshold for the presentation of a bankruptcy petition, from RM50,000
to RM100,000 (Malaysia Department of Insolvency, 2020)

As of December 2023, the Malaysia Department of Insolvency reported that the total accumulated number of
bankrupt individuals was 233,483. These bankruptcy cases are mainly due to defaults in personal loans,
business loans, housing loans, hire purchases, and credit cards (Malaysia Department of Insolvency, 2023). This
is alarming because if the number of personal bankruptcy cases continues to increase, it will hurt the Malaysian
economy and society. From the aspect of individuals’ economy, bankruptcy minimizes their chances of securing
ajob.

As one of the efforts taken to curb the increasing household debt which mainly leads to personal bankruptcy,
Bank Negara Malaysia has set up a debt management agency, Agensi Kaunseling and Pengurusan Kredit. This
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agency is an avenue for potential individual borrowers and distressed borrowers to acquire assistance and
seek advice in managing their debts and finances. Data used in this paper were provided by this agency. Thus,
this paper illustrates the application of data mining techniques to determine the conditional probability of a
borrower belonging to a class (bankrupt or non-bankrupt) using the logistic regression technique. The findings
from this paper are useful for various parties to make decisions and take action, such as the management level
of insolvency departments, banks, debt management agencies, hire-purchase companies, and credit companies.
These actions are important to avoid or prevent default payments, bad debts, and personal bankruptcy.
Therefore, the objectives of this paper are to identify the significant variables and to determine the conditional
probability of a borrower belonging to a class (bankrupt or non-bankrupt) using the logistic regression
technique.

2. Literature Review

Bankruptcy is a legal declaration of financial insolvency for an individual or firm that allows certain legal
protections to both debtors and creditors (Cohen, 2015). It is crucial to have a better understanding of the
causes of personal bankruptcy to provide practical solutions to this financial problem. Korol (2022) mentioned
that forecasting consumer bankruptcy risk has received increasing scientific and public attention. In addition,
Brygala and Korol (2024), indicated that it has become important to have an early prediction model that
provides accurate assurance for users about the financial situation of consumers.

According to Papana and Spyridou (2020), research on bankruptcy prediction is of the utmost importance as
it aims to build statistical models that can distinguish healthy firms from financially distressed ones.
Meanwhile, Smiti et. Al,, (2024) added that bankruptcy prediction is considered one of the most important
research topics in the field of finance and accounting. The rapid increase of data science, artificial intelligence,
and machine learning has led researchers to build an accurate bankruptcy prediction model.

Because it is critical to develop an effective bankruptcy prediction model, a few researchers discovered that
logistic regression is the most commonly used statistical method for assessing consumer credit risk (Paleologo
et al,, 2010; Finlay, 2009). According to Li and Zhong (2012), logistic regression can forecast an applicant's
default likelihood and identify the characteristics associated with his or her default behavior. Furthermore,
Brygala (2022) employed logistic regression to anticipate household consumer bankruptcy and discovered that
the logit model with a balanced sample has better predictive performance. In addition, Sahiq et al. (2021)
employed the logistic regression model and effectively found that the primary factors of personal bankruptcy
filings were demographic indicators, socioeconomic status indicators, debt indicators, financial indicators,
social stigma indicators, behavioral indicators, and macroeconomic indicators.

3. Research Methodology

This study involved a dataset obtained from an authorized debt management agency. The data consisted of
settled members and terminated members. Settled members were those who managed to settle their loans,
while terminated were those who were unable to pay their loans. There were 4,174 settled members and 20372
terminated members. The total sample size was 24,546 with 17.0% (4,174) settled and 82.99% (20,372)
terminated cases. It is noted here that the negative instances belong to the majority class (terminated) and the
positive instances belong to the minority class (settled); an imbalanced dataset. According to Akosa (2017), the
most commonly used classification algorithms dataset (e.g. scorecard, logistic regression, and decision tree) do
not work well for imbalanced datasets. This is because the classifiers tend to be biased towards the majority
class and therefore perform poorly on the minority class. He added, that to improve the performance of the
classifiers or model, down-sampling or up-sampling techniques can be used. This paper deployed the random
undersampling technique. The random undersampling technique is considered a basic sampling technique in
handling imbalanced datasets (Yap, Rahman, He & Bulgiba, 2016). Random undersampling (RUS), also known
as down-sampling, excludes the observations from the majority class to balance with the number of available
observations in the minority class. The RUS was used by randomly selecting 4,174 cases from the 20,372
terminated cases. This RUS process was done using the IBM Statistical Package for the Social Science (SPSS)
software. Therefore, the total sample size was 8,348 with 50% (4,174) representing settled cases and 50%
(4,174) representing terminated cases for the balanced dataset. This paper used both sample sizes for further
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analysis to see the differences in the results of the statistical analysis.

The data covered the period from 1st January 2010 to 31st October 2015, which were received in Excel
files. Data cleaning was the first step to remove outliers and redundant data. Once the data cleaning process
was completed, the Excel data file was converted into a SAS file using SAS 9.4 software. The logistic regression
model was run using the SAS Enterprise Miner 14.1 software.

Logistic regression is an extensively used statistical modeling technique in which the probability of a
dichotomous outcome (Y=0 or Y=1) is related to a set of potential predictor variables. The objective of a logistic
regression model in personal bankruptcy prediction is to determine the probability of an individual belonging
to a class (bankrupt or non-bankrupt), given the values of the independent variables of that individual (Hosmer
& Lemeshow, 2013). For this study, logistic regression was used to model the event Y= 1(bankrupt).

The logistic regression model is written as:
lOg I:lf_;l:|= BO+BIX]1+BZX]Z+ ..... +BkX]k

Where

pi=P(Y=1) for each case or observation, i = 1,2,...n
Po=intercept of the logistic regression equation

Bj= the coefficient of the predictor variables, j=1,2....k
Xj=the predictor variable, j = 1,2,..k

In this logistic regression model, maximum likelihood is used to estimate parameters f5; to Sx. These parameter
estimates measure the rate of change of logit for one unit change in the input variable (adjusted for other
inputs), that is, they are the slopes of the regression line between the target and their respective input variables
X1 to Xk. The parameters are dependent on the unit of the input (Siddiqi, 2006).

Whereas, Wald statistics is an alternative test that is commonly used to test the significance of individual
logistic regression coefficient resulting in identifying the variables that influence the dependent variable
(bankruptcy status):

Ho: B1= 0 (the independent variable does not affect the dependent variable)
Hi: B1 # 0 (the independent variable affects the dependent variable)

The Wald test calculates z statistics, z =( SEE) Where B is the regression coefficient estimation and SE is the

standard error of estimation. The Z value is then squared where the Wald statistic follows the Chi-square
distribution (z2~x12) with the Wald statistic now:

Wald Statistic =72 = ( SEE)Z
Reject Ho if Wald statistic > xZ ; or p-value< 0.05 ((Katsaragakis et. Al,, 2005)

4., Results

This study used the stepwise method in developing the logistic regression model. The stepwise method is useful
and intuitively appealing in that it sequentially builds models and it allows for the examination of a collection
of models which might not otherwise have been examined (Hosmer et al.,, 2013). This method was involved in
adding and removing characteristics (variable) dynamically from the model in each step until the best
combination of characteristics (variable) was achieved. The significance level used in this study was 0.05.
Therefore, the best combination of characteristics (variable) is whereby when the p-value of individual
characteristics is less than 0.05. Statistical measures like Chi-square or Standardized estimates were used to
measure the strength of the predictive model (Siddigi, 2006). The results showed that the logistic regression
models based on imbalanced and balanced datasets were statistically significant. The logistic regression model
(imbalanced dataset) was statistically significant with a likelihood ratio of 2542.7031, degree of freedom of 30,
and p-values < 0.0001 (Table 1). Meanwhile, the logistic regression model based on a balanced dataset was also
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statistically significant with a likelihood ratio of 1588.3079, degree of freedom of 27, and p-values
<0.0001(Table 2).

Table 1: Logistic Regression Model Results (Imbalanced Dataset)

Likelihood Ratio Test DF Likelihood Ratio Chi-Square P-value

Logistic Regression model 30 2542.7031 <.0001
No Variables DF Wald Chi-Square P-value
1 Age 4 19.2614 0.0007
2 Gender 1 10.3994 0.0013
3 Race 2 123.4855 <.0001
4 Marital Status 3 18.1206 0.0004
5 Number of Children 3 53.4015 <.0001
6 Employment Status 4 117.5712 <.0001
7 Household Monthly Income 3 164.7161 <.0001
8 Household Monthly Expenses 3 16.8579 0.0008
9 Outstanding Loan 5 395.2122 <.0001
10  Number of Loans 2 306.5579 <.0001

11 Location of Residence
12 Experience of adversities - - -

Table 2: Logistic Regression Model Results (Balanced Dataset)

Likelihood Ratio Test DF Likelihood Ratio Chi-Square P-value

Logistic Regression model 27 1588.4307 <.0001
No Variables DF  Wald Chi-Square P-value
1 Age 4 16.3079 0.0026
2 Gender 1 9.6735 0.0019
3 Race 2 64.9646 <.0001
4 Marital Status - - -
5 Number of Children 3 35.3943 <.0001
6 Employment Status 4 90.9931 <.0001
7 Household Monthly Income 3 87.1208 <.0001
8 Household Monthly Expenses 3 14.0243 0.0029
9 Outstanding Loan 5 243.7229 <.0001
10  Number of Loans 2 204.5720 <.0001
11  Location of Residence - - -
12 Experience of adversities - - -

Based on Table 1 and Table 2, for logistic regression model that is based on imbalanced dataset, the best
combination of characteristics (variables) resulting in (10) significant variables (age, race, gender, number of
children, employment status, household monthly income, household monthly expenses, outstanding loan,
number of loans and marital status) and nine (9) significant variables (age, race, gender, number of children,
employment status, household monthly income, household monthly expenses, outstanding loan and number of
loans) for logistic regression model that is based on balanced dataset.
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Table 3: Analysis of Maximum Likelihood Estimates (Imbalanced Dataset)
Variable Category DF Estimate P-value O0dd ratio (Exp(Est))

Intercept - 1 3.6192 <.0001 37.308
Age 1(20-29) 1 -0.0899 0.1394 0914
Age 2 (30-39) 1 -0.00791 0.8736  0.992
Age 3 (40-49) 1 0.1636 0.0037 1.178
Age 4 (50-59) 1 -0.1456 0.0224 0.864
Employment status PRS (Private) 1 -0.1051 0.0666  0.900
Employment status PUS (Public) 1 -0.4826 <.0001 0.617
Employment status R (Retired) 1 -0.1884 0.1892  0.828
Employment status SE (Self-employed) 1 0.4726 <.0001 1.604
Gender F (Female) 1 -0.0783 0.0013  0.925
Household Monthly 1 (<RM1Kk) 1 0.0614 0.2735 1.063
Expenses

Household Monthly 2 (RM1,001-RM2,000) 1 0.0464 0.2490 1.048
Expenses

Household Monthly 3 (RM2,001-RM3,000) 1 0.1740 0.0010 1.190
Expenses

Household Monthly Income 1 (<RM1Kk) 1 0.5488 <.0001 1.731
Household Monthly Income 2 (RM1,001-RM2,000) 1 0.2053 <.0001 1.228
Household Monthly Income 3 (RM2,001-RM3,000) 1 -0.0900 0.0698 0914
Outstanding Loan 1(<sRM29.9k)) 1 -1.2892 <.0001 0.275
Outstanding Loan 2(RM30k-RM59.9k) 1 -0.3551 <.0001 0.701
Outstanding Loan 3(RM60k-RM89.9k) 1 -0.1406 0.1239  0.869
Outstanding Loan 4(RM90k-RM119.9k) 1 0.4967 0.0006 1.643
Outstanding Loan 5(RM120k- 1 0.3658 0.0297  1.442

RM149.9k)

Marital Status D(Divorce) 1 0.0848 0.3414 1.088
Marital Status M(Married) 1 -0.0511 0.3734 0.950
Marital Status S(Single) 1 -0.2919 <.0001 0.747
Number of Children 1(0) 1 -0.2669 <.0001 0.766
Number of Children 2(1-3) 1 -0.2455 <.0001 0.782
Number of Children 3 (4-6) 1 0.1430 0.0095 1.154
Number of loans 1(1-4) 1 -1.1387 <.0001 0.320
Number of loans 2 (5-8) 1 -0.0458 0.5493 0.955
Race C (Chinese) 1 -0.4235 <.0001  0.655
Race I (Indian) 1 0.3221 <.0001 1.380

Table 4: Analysis of Maximum Likelihood Estimates (Balanced Dataset)

Variable Category DF Estimate P-value O0dd ratio (Exp(Est))

Intercept - 1 1.9033 <.0001 6.708
Age 1(20-29) 1 -0.0724  0.3800 0.930
Age 2 (30-39) 1 0.0802 0.2355 1.084
Age 3 (40-49) 1 0.2090 0.0055  1.232
Age 4 (50-59) 1 -0.1817 0.0307 0.834
Employment status PRS (Private) 1 -0.2016 0.0080 0.817
Employment status PUS (Public) 1 -0.6682 <.0001 0.513
Employment status R (Retired) 1 0.0411 0.8275  1.042
Employment status SE (Self-employed) 1 0.4632 <.0001 1.589
Gender F (Female) 1 -0.1025 0.0019  0.903
Household Monthly 1 (<RM1Kk) 1 0.0619 0.4331 1.064
Expenses

Household Monthly 2 (RM1,001-RM2,000) 1 0.0886 0.1170  1.093
Expenses
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Household Monthly 3 (RM2,001-RM3,000) 1 0.2293 0.0021  1.258
Expenses

Household Monthly Income 1 (<RM1k) 1 0.4759 0.0006  1.609
Household Monthly Income 2 (RM1,001-RM2,000) 1 0.2309 0.0003  1.260
Household Monthly Income 3 (RM2,001-RM3,000) 1 -0.0347 0.5947 0.966
Outstanding Loan 1(<sRM29.9k)) 1 -1.2809 <.0001 0.278
Outstanding Loan 2(RM30k-RM59.9k) 1 -0.3006 0.0005 0.740
Outstanding Loan 3(RM60k-RM89.9k) 1 0.0222 0.8406  1.022
Outstanding Loan 4(RM90k-RM119.9k) 1 0.3701 0.0260  1.448
Outstanding Loan 5(RM120k- 1 0.0914 0.6159  1.096

RM149.9k)

Number of Children 1(0) 1 -0.2820 0.0002 0.754
Number of Children 2(1-3) 1 -0.2004 0.0009 0.818
Number of Children 3 (4-6) 1 0.2295 0.0010 1.258
Number of loans 1(1-4) 1 -1.1474 <.0001 0.317
Number of loans 2 (5-8) 1 -0.0744 0.3764 0.928
Race C (Chinese) 1 -0.4237 <.0001  0.655
Race I (Indian) 1 0.3661 <.0001 1.442

Table 3 and Table 4 display the Analysis of Maximum Likelihood Estimates results. In these results, the Odds
ratio (OR) is used to measure the strength of association between the predictor variable and the predicted
event (Wuensch, 2015; Hailpern & Visintainer, 2003). The predicted event in this study was bankrupt or non-
bankrupt. From the odds ratio, it can be determined which category is more or less likely to be bankrupt.
Guidelines for interpreting the odds ratio are as per below (Yap etal.,2011):
e Iftheratio of category A vs R (reference category) is greater than one, it indicates that those in category
A are more likely to be bankrupt.
o Iftheratio of category A vs R (reference category) is less than one, it indicates that those in category A
are less likely to be bankrupt.
o Ifthe ratio of category A vs R (reference category) is equal to one, it indicates that cases in both A and
R are equally likely to be bankrupt.

For reference category, SAS Enterprise E-miner automatically creates (number of categories; c - 1) dummy
variables for categorical variables with c levels. The dummy variables for categorical variables with c levels are

depicted in Table 5.

Table 5: Dummy Variables for Categorical Variables

Independent Variable Dummy variables
Age (5 categories) - 20-29, 30-39, 40-49 4 dummy variables (5-1 = 4)
50-59, 60 & above 1,0,0,0 (20-29), 0,1,0,0(30-39), 0,0,1,0(40-49), 0,0,0,1 (50-

59), 0,0,0,0(60 & above)
Employment status (5 categories) - Private | 4 dummy variables (5-1 = 4)
sector (PRS), Public sector (PUS), Retiree (R), | 1,0,0,0 (PRS), 0,1,0,0(PUS), 0,0,1,0(R), 0,0,0,1 (SE),

Self-employed (SE), Unemployed (U) 0,0,0,0(U)
Gender (2 categories)- Female, Male 1 dummy variable (2-1 = 1)
1(Female), 0 (Male)

Household Monthly Expenses 3 dummy variables (4-1=3)

(4 categories) - <RM1,000, RM1,001- 1,0,0, (<RM1000), 0,1,0,(RM1001-RM2000),
RM2,000, RM2,001-RM3,000, >RM3,000 0,0,1,(RM2001-RM3000), 0,0,0 (>RM3,000)
Household Monthly Income (4 categories) 3 dummy variables (4-1=3)

<RM1,000, RM1,001-RM2,000, RM2,001- 1,0,0, (<RM1000), 0,1,0,(RM1001-RM2000),
RM3,000, >RM3,000 0,0,1,(RM2001-RM3000), 0,0,0 (>RM3,000)
Outstanding Loan (6 categories) 5 dummy variables (6-1=5)

<RM29.9k, RM30k-RM59.9k,
RM60k-RM89.9k, RM90k- RM119.9k,
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RM120k-RM149.9k, >SRM150,000 1,0,0,0,0(<RM29.9k), 0,1,0,0,0(RM30k-RM59.9K),
0,0,1,0,0(RM60k-RM89.9k)), 0,0,0,1,0 (RM90k-RM119.9K),
0,0,0,0,1(RM120k-RM149.9k), 0,0,0,0,0 (>RM150k)

Marital status (4 categories) - Divorced, 3 dummy variables (4-1=3)

Married, Single, Widow 1,0,0 (Divorced), 0,1,0(Married), 0,0,1(Single), 0,0,0
(Widow)

Number of Children (4 categories) 3 dummy variables (4-1=3)

0,1-3,4-6,7 & above 1,0,0 (0),0,1,0(1-3),0,0,1(4-6), 0,0,0 (7& above)

Number of Loans (3 categories) 2 dummy variables (3-1=2)

1-4,5-8,9 & above 1,0 (1-4), 0,1(5-8), 0,0(4-6)

Race (3 categories) - Chinese, Indian, Malay | 2 dummy variables (3-1=2)
1,0 (Chinese), 0,1(Indian), 0,0(Malay)
*The reference category for each variable is bold and italicized

Referring to Table 3 for the imbalanced dataset, the significant variables are those variables with a p-value less
than 0.05. Below are the interpretations of the odds ratio for the significant variables.

Age

(OR=1.178): Borrowers who are between 40 to 49 years old are slightly more likely to be bankrupt compared
to borrowers aged 60 and above.

(OR=0.864): Borrowers who are between 50 to 59 years old are less likely to be bankrupt compared to
borrowers aged 60 and above.

Race

(OR=0.655): Borrowers who are Chinese are less likely to be bankrupt compared to those who are Malay.
(OR=1.380): Borrowers who are Indian are 1.4 times more likely to be bankrupt compared to borrowers who
are Malay.

Gender

(OR=0.925): Female borrowers are less likely to be bankrupt compared to male borrowers.

Number of Children

(OR=0.766): Borrowers who have no child are less likely to be bankrupt compared to borrowers with children
7 and above.

(OR=0.782): Borrowers who have 1 to 3 children are less likely to be bankrupt compared to those with children
7 and above.

(OR=1.154): Borrowers who have 4 to 6 children are slightly more likely to be bankrupt compared to
borrowers with children 7 and above.

Marital Status

(OR=0.747): Single Borrowers are less likely to be bankrupt compared to borrowers who are widows.
Employment Status

(OR=0.617): Borrowers who are attached to the Public sector are less likely to be bankrupt compared to
Unemployed borrowers.

(OR=0.1604): Self-employed Borrowers are 1.6 times more likely to be bankrupt compared to Unemployed
borrowers.

Household Monthly Income

(OR=1.731): Borrowers who earn RM1,000 and below are 1.7 times more likely to be bankrupt compared to
borrowers who earn RM3k and above.

(OR=1.228): Borrowers who earn RM1,001-RM2,000 are slightly more likely to be bankrupt compared to
borrowers who earn RM3k and above.

Household Monthly Expenses

(OR=1.190): Borrowers who spend between RM2,001 to RM3,000 are slightly more likely to be bankrupt
compared to borrowers who spend RM3k and above.

Outstanding Loan

(OR=0.275): Borrowers with outstanding loans of RM29,999 and below are less likely to be bankrupt compared
to borrowers with outstanding loans of more than RM150k.

(OR=0.701): Borrowers with outstanding loans between RM30,000 to RM59,999 are less likely to be bankrupt
compared to borrowers with outstanding loans of more than RM150k.
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(OR=1.643): Borrowers with outstanding loans between RM90,000 to RM119,999 are 1.6 times more likely to
be bankrupt compared to borrowers with outstanding loans of more than RM150k.

(OR=1.442): Borrowers with outstanding loans between RM120,000 to RM149,999 are 1.4 times more likely
to be bankrupt compared to borrowers with outstanding loans of more than RM150k.

Number of Loans

(OR=0.320): Borrowers who have 1 to 4 loans are less likely to be bankrupt compared to borrowers with 9
loans and above.

Next, based on Table 4, below are the interpretations of odd ratios for the significant variables for the balanced
dataset. The significant variables are those variables with a p-value less than 0.05.

Age

(OR=1.232): Borrowers who are between 40 to 49 years old are slightly more likely to be bankrupt compared
to borrowers aged 60 and above.

(OR=0.834): Borrowers who are between 50 to 59 years old are less likely to be bankrupt compared to
borrowers aged 60 and above.

Race

(OR=0.655): Borrowers who are Chinese are less likely to be bankrupt compared to those who are Malays.
(OR=1.442): Borrowers who are Indian are 1.4 times more likely to be bankrupt compared to borrowers who
are Malay.

Gender

(OR=0.903): Female borrowers are less likely to be bankrupt compared to male borrowers.

Number of Children

(OR=0.754): Borrowers who have no child are less likely to be bankrupt compared to borrowers with 7 children
and above.

(OR=0.818): Borrowers who have 1 to 3 children are less likely to be bankrupt compared to borrowers with 7
children and above.

(OR=1.258): Borrowers who have 4 to 6 children are slightly more likely to be bankrupt compared to
borrowers with 7 children and above.

Employment Status

(OR=0.817): Borrowers who are attached to the Private sector are less likely to be bankrupt compared to
Unemployed borrowers.

(OR=0.513): Borrowers who are attached to the Public sector are less likely to be bankrupt compared to
Unemployed borrowers.

(OR=1.589): Self-employed Borrowers are 1.5 times more likely to be bankrupt compared to unemployed
borrowers.

Household Monthly Income

(OR=1.609): Borrowers who earn RM1,000 and below are 1.6 times more likely to be bankrupt compared to
borrowers who earn RM3k and above.

(OR=1.206): Borrowers who earn RM1,001-RM2,000 are slightly more likely to be bankrupt compared to
borrowers who earn RM3k and above.

Household Monthly Expenses

(OR=1.258): Borrowers who spend between RM2,001 to RM3,000 are slightly more likely to be bankrupt
compared to borrowers who spend RM3k and above.

Outstanding Loan

(OR=0.278): Borrowers with outstanding loans of RM29,999 and below are less likely to be bankrupt compared
to borrowers with outstanding loans of more than RM150k.

(OR=0.470): Borrowers with outstanding loans between RM30,000 to RM59,999 are less likely to be bankrupt
compared to borrowers with outstanding loans of more than RM150k.

(OR=1.448): Borrowers with outstanding loans between RM90,000 to RM119,999 are 1.4 times more likely to
be bankrupt compared to borrowers with outstanding loans of more than RM150k.

Number of Loans

(OR=0.317): Borrowers who have 1 to 4 loans are less likely to be bankrupt compared to borrowers with 9
loans and above.
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Therefore, based on Table 3 and Table 4, the estimated logistic regression for the imbalanced dataset and the
balanced dataset is written as below:

Logistic Regression model (Imbalanced Dataset)
log [ p;i] = 3.6192 - 0.0899(Age 1) - 0.00791(Age 2) + 0.1636(Age 3) - 0.1456(Age 4) - 0.1051(PRS) -

-
0.4826(PUS) - 0.1884(R) + 0.4726(SE) - 0.0783(F) + 0.0614 (HME 1) + 0.0464(Household Monthly Expenses
2) + 0.1740(Household Monthly Expenses 3) + 0.5488(Household Monthly Income 1) + 0.2053 (Household
Monthly Income 2) - 0.0900(Household Monthly Income 3) - 1.2892(Outstanding loan 1) -
0.3551(Outstanding loan 2) - 0.1406(Outstanding loan 3) + 0.4967(Outstanding loan 4) + 0.3658 (Outstanding
loan 5) + 0.0848(D) - 0.0511(M) - 0.2919(S) - 0.2669(No of child 1) - 0.2455(No of child 2) + 0.1430(No of
child 3) - 1.1387(No of loans 1) - 0.0458(No of loans2) - 0.4235(Chinese) + 0.3221(Indian).

Logistic Regression model (Balanced Dataset)
log [ L -] = 1.9033 - 0.0724(Age 1) + 0.0802(Age 2) + 0.2090(Age 3) - 0.1817(Age 4) - 0.2016(PRS) -

1-pi
0.6682(PUS) + 0.0411(R) + 0.4632(SE) - 0.1025(F) + 0.0619(HME 1) + 0.0886(HME 2) + 0.2293(HME 3) +
0.4759(HMI 1) + 0.2309(HMI 2) - 0.0347(HMI 3) - 1.2809(Outstanding loan 1) - 0.3006 (Outstanding loan 2)
+0.0222(Outstanding loan 3) + 0.3701(Outstanding loan 4) + 0.0914(Outstanding loan 5) - 0.2820(No of child
1) - 0.2004(No of child 2) + 0.2295(No of child 3) - 1.1474(No of loan 1-4) - 0.0744(No of loan 5-8) -
0.4237(Chinese) + 0.3661(Indian).

Based on the above result, the following is the discussion on the results of significant categories. The significant
categories were those categories with p-valuesless than 0.05 (Table 1 and Table 2). In terms of age, both logistic
regression models found that the age category that was more likely to be bankrupt was between 40 to 49 years
as compared to 60 years and above. The finding on the age category between 40 to 49 years was the more likely
to bankrupt fell within part of the range of age group of bankrupts (35 to 44) as reported by the Malaysia
Department of Insolvency (2017-2023) and Hospodka (2015). They reported that the highest percentage of
bankruptcies and the most vulnerable age group is between 35 to 44 years old. This model further identified
that borrowers aged between 50 to 59 years old were less likely to be bankrupt as compared to borrowers aged
between 60 and above.

Both logistic regression models found that the male category was more likely to be bankrupt compared to the
female category. This finding is similar to Othman et al. (2015), Eaw et al. (2014, 2015), and Jullamon (2012)
where they indicated that the majority of bankrupts are male. Malaysia Department of Insolvency also reported
that the highest percentage of bankrupt is male (Malaysia Department of Insolvency, 2017-2023).

For employment status, the researcher found that borrowers who were attached to the public sector were less
likely to be bankrupt compared to unemployed borrowers. This finding is similar to both Desai (2016) and Zhu
(2011) who pointed out that the percentage of bankruptcy filing probability is higher for the unemployed filers
compared to the employed filers. On the other hand, self-employed borrowers were 1.6 times more likely to be
bankrupt as compared to unemployed borrowers. According to the Malaysia Department of Insolvency, self-
employed are among the employment statuses declared by the bankrupts (Malaysia Department of Insolvency,
2017-2023)

Hospodka et al. (2015) found that a higher percentage of lower-income debtors file for bankruptcy compared
to higher-income debtors. Meanwhile, Agarwal et al. (2011) showed that a 1% increase in income could lead to
a decrease of 20% in bankruptcy filing. In terms of income, the results showed that borrowers who earned
RM1,000 and below were 1.7 times more likely to be bankrupt compared to borrowers who earned RM3k and
above and borrowers who earned RM1,001-RM2,000 were slightly more likely to be bankrupt as compared to
borrowers who earned RM3k and above. These findings support Hospodka (2015) and Agarwal et al. (2011)
and it is an extension to the literature where the results indicated the specific range of income of bankrupt.

As for expenses, the results indicated that borrowers who spent between RM2001 and RM3000 were more
likely to be bankrupt. This finding also furthers the literature as the result showed the exact range of expenses
that the borrowers spent every month. Whereas, Zhu (2011), Agarwal et al. (2011), Azaizeh (2010), and Rhee
(2001) only indicated that high expenses increase the likelihood of bankruptcy filing.
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The outcome of the outstanding loan category showed that borrowers with outstanding loans of more than
RM150k (high outstanding balance) were most likely to be bankrupt. This is similar to the findings of Hospodka
etal. (2015), Dawsey (2014), Gross and Souleles (2002), and Stavins (2000) which indicated that households
who had filed for bankruptcy carried high loan balances. The logistic regression models also found that
borrowers with outstanding loans between RM90,000 to RM119,999 were 1.6 times more likely to be bankrupt
as compared to borrowers with outstanding loans of more than RM150k.

The results indicated that married and divorce were an insignificant category and single borrowers were less
likely to be bankrupt compared to borrowers who were widows. This finding supports the results found by
Jullamon (2012) who indicated that 8.6% of the total respondents who filed for bankruptcy were widows.
According to Zhu (2011), borrowers file for bankruptcy soon after the divorce or death of a spouse because of
household income issues. Divorce or the death of a spouse puts household members into a difficult situation
because they do not have much earning power or well-established credit. As a result, borrowers could file for
bankruptcy after getting divorced or being a widow.

Borrowers with no child or 1 to 3 children were less likely to be bankrupt compared to those with 7 children
and above. The finding above is consistent with Creswell (2014) who found that borrowers with larger families
had a higher probability of bankruptcy. Zhu (2011) also found that the more children the borrowers have, the
higher the probability of bankruptcy filing. In addition, the results also found that borrowers who had 4 to 6
children were slightly more likely to be bankrupt as compared to borrowers with 7 children and above. In terms
of number of loans, borrowers who had 1 to 4 loans were less likely to be bankrupt as compared to borrowers
with 9 loans and above. This result supports Desai (2016) and Dawsey (2014) who pointed out that the higher
the number of loans, the more likely the borrowers file for bankruptcy.

Lastly, for the race category, borrowers who were Chinese were less likely to be bankrupt as compared to
Malays. This is similar to the report from the Malaysia Department of Insolvency in 2009 and 2013 where they
found that the Malay race is the majority of bankrupts in Malaysia (Malaysia Department of Insolvency, 2010,
2014). From 2014 onwards, the Malaysia Department of Insolvency does not report on the race category which
the researcher believes is due to the issue of racial sensitivity. For Indian borrowers, they were 1.4 times more
likely to be bankrupt as compared to Malay borrowers. One likely reason for this outcome could be that Indian
households are earning low income as compared to Malay households. This result is in line with Khalid (2011)
who found that the Indian has the least ownership in wealth where 23.7% of them did not have wealth
compared to 14.7% of the Bumiputera and 10.5% of the Chinese.

In addition, the predictive performance of the logistic regression model can be evaluated by using performance
measure which consists of misclassification, accuracy, sensitivity, and specificity rate. Misclassification is the
probability that the model has wrongly predicted bankrupt as non-bankrupt and non-bankrupt as bankrupt.
Accuracy means the probability of the model correctly predicted bankrupt and non-bankrupt. Sensitivity is the
probability that the model can correctly predict bankruptcy and specificity means the probability that the
model can correctly predict non-bankrupt. A good model consists of a lower misclassification rate and higher
accuracy and sensitivity rate (Akosa, 2017; Brown, 2014).

Table 6 displays the performance measure results. The results showed that the validation classification
accuracy and specificity for imbalanced datasets are 83.17% and 8.38% respectively. The specificity rate is low,
less than 10% and the sensitivity rate is 98.49% (high rate, almost perfect) which indicates that the personal
bankruptcy prediction model was affected by the imbalanced data. Then, undersampling was performed by
randomly selecting 4,174 cases from the 20,372 terminated cases and re-evaluating the model using the
balanced sample of 8,348 cases. The validation classification accuracy decreased slightly to 71.144% but the
sensitivity rate increased to 78.43%.
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Table 6: Performance Measure Results (Accuracy, Precision, Specificity and Sensitivity)

Imbalanced data (n=24546) Balanced data (n=8348)
Model Training (%) Validation (%) Training (%) Validation (%)
Logistic Regression Accuracy 83.35 83.17 71.71 71.14
Misclassific  16.64 16.82 28.29 28.86
ation
model Specificity 9.75 8.38 78.16 78.43
Sensitivity 98.43 98.49 65.25 63.84

5. Managerial Implications and Recommendations

This paper presents some important ideas to policy maker or managerial level of commercial banks and credit
companies based on the statistical analysis results. They should give more attention to borrowers with the
following characteristics: male, aged between 30-39 years old, Malay, married, number of children between 1
- 3 children, work in the private sector, monthly household income RM3,000 and above, monthly household
expenses between RM1,001-RM2,000, number of loans between 1- 4, outstanding loan RM30,000 and above,
never experience adversities and live in the city. This is because policymakers at or managerial level can
develop strategies that can help to reduce defaulters. The fewer the defaulters, the lesser will be the bankrupts.
Furthermore, wrong credit assessment leads to an increase in the number of defaulters and as a sequence could
drive financial institutions toward bankruptcy (Kambal et al,, 2013). In addition, policymakers maker or
managerial levels can also develop strategies which meet the organisation requirements and potential
borrowers’ needs. The strategies include providing short financial management courses to potential loan
applicants or borrowers, educating on personal bankruptcy impact through a personal bankruptcy awareness
campaign, tightening loan application procedures, offering low loan amounts, shorter loan periods, and regular
follow-up on default accounts.

Conclusion: This paper discussed the improvements in the prediction of personal bankruptcy using random
undersampling to correct the imbalanced data. The application of the logistic regression technique in this study
showed that the specificity rate increased after the random undersampling strategy was applied. In conclusion,
the predictive performance of the personal bankruptcy model based on the balanced dataset is more
reasonable compared to the imbalanced dataset. According to Yap et al. (2011), in practical applications,
classification methods that are easy to understand such as decision trees and scorecards are more appealing to
users (Yap et al,,2011). For future research, the researcher intends to consider a Decision Tree, Scorecard,
Support Vector Machine and Naive Bayes model.
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