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Abstract

Savings and credit cooperatives (SACCOs) are crucial institutions in promoting finan-
cial accessibility. SACCOs provide financial loans to individuals who may not have 
access to traditional banking. SACCOs take their own risk to get loan defaults from the 
offerings because member loans are approved without checking the members’ credit 
background by SACCO committees. This study aims to investigate factors influenc-
ing loan defaults of savings and credit cooperatives in Thailand. Based on the savings 
and credits cooperative database in November 2023, the cooperative has emergency 
loans, regular loans, and special loans totaling 11,441 contracts. In this study, all loan 
contracts of this cooperative were used to analyze. The data were divided into two 
categories of debt classification, including (1) non-default status and (2) default status. 
The data were analyzed using logistics regression to select the highest accuracy model. 
Furthermore, the finding reveals that the highest accuracy model, at 99.78%, contains 
five variables, including interest rate, collateral value, remaining contract duration, 
outstanding debt, and installment amount. The savings and credit cooperatives institu-
tion should adjust the loan interest rates according to economic conditions. Moreover, 
closely monitoring members with high remaining debt would help the institution pre-
vent loan defaults, and the institution should also create a conservative loan approval 
policy to reduce its loan default.
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INTRODUCTION

Savings and credit cooperatives ( SACCOs) provide financial ser-
vices to individuals who may not have access to traditional bank-
ing (Assawawongsathien et al., 2017), support economic expan-
sion (Namwong & Janyasuprab, 2018; Sfar & Ben Ouda, 2016), and 
enhance the financial welfare of their members and communities 
(Keawmanee, 2016). Changes in interest rate policy announced by the 
Bank of Thailand (BOT) directly impact the investment opportunities 
of savings and credit cooperatives in several ways, such as higher bor-
rowing costs and pressure on loan demand. Higher interest rates may 
reduce the demand for loans from cooperative members, potentially 
impacting the cooperatives’ revenues and growth prospects. Although 
large SACCOs have various investment opportunities that can gener-
ate reasonable returns, it cannot be denied that lending to its members 
for various purposes remains a significant source of revenue and profit 
for the cooperative. Due to the significant roles of SACCOs for their 
members, communities, and the economy, any financial instability ex-
perienced by SACCOs would not only disrupt their functioning but 
also have consequences for the community, economy, and all mem-
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bers’ financial stability. The default risk of SACCOs refers to the probability that borrowers within the 
cooperative will fail to repay their loans as agreed. The financial health of SACCOs is heavily dependent 
on the repayment behavior of their members (McKillop et al., 2020). High default rates may gradually 
weaken a cooperative’s financial stability, resulting in financial losses that impact all members.

1. LITERATURE REVIEW  

AND HYPOTHESES

Understanding the factors influencing member 
debt repayment behaviors is crucial for develop-
ing effective credit analysis strategies, thereby re-
ducing NPL risks. Implementing credit scoring as 
a statistical tool for credit analysis can enhance 
loan consideration efficiency and help mitigate 
long-term NPLs for the cooperative. 

In the 19th century, the first saving and credit coop-
eratives were established in Germany by Herman 
Schultze-Delitsche and Freidrich Reifeisen. Then 
Luigi adopted the principles of the German saving 
and credit cooperatives and established the first 
saving and credit cooperatives in Italy. After that 
saving and credit cooperatives principles were 
well known and were established by labor unions 
and organizations around the world (Galor, 1999). 
In Thailand, SACCOs were established to promote 
savings and loans to a group of people who are in 
the same organization (Cooperative Promotion 
Department, 2021). In SACCOs, funds are raised 
from owners’ capital, and the owners get divi-
dends in return every year based on the cooper-
atives’ performance. The SACCOs’ uses of funds 
come from their investment and loan interest 
payments, which would create their performance 
(Galor, 1999). The SACCOs with good structure 
and financial capital may have better perfor-
mance (Laliwan & Potipiroon, 2022). However, 
board committees would be the key people who 
make short- and long-term regulations (Kaplan & 
Mccay, 2004). The SACCO provides credit to its 
members to create income by receiving full repay-
ment and interest payments. 

SACCOs were established to help their members 
promote savings and to provide loans to members 
when needed (Galor, 1999; Omeke et al., 2019; 
Laliwan & Potipiroon, 2022). In Thailand, there 
are 3 loan categories offered by savings and credit 
cooperatives, including emergency loans, general 
loans, and special loans (Cooperative Promotion 

Department, 2021). The SACCOs being discussed 
have a large internal cash surplus (The Savings 
and Credits Cooperatives, 2023). This cash flow 
presents both opportunities and challenges for the 
cooperative. If the cooperative cannot find suffi-
cient investment opportunities to cover its cost of 
capital – including the cost of debt (interest pay-
ments) and the cost of equity (dividends) – or if it 
takes an overly conservative approach to invest-
ment or credit analysis, its revenue generation and 
long-term profitability might be adversely affected. 
Conversely, if the cooperative adopts an aggressive 
investment strategy, it might increase revenue but 
also face higher risks amid rising interest rates, po-
tentially leading to an increase in non-performing 
loans (NPLs). The Civil and Commercial Code 
B.E. 2535 defined loan defaults as any contract 
owner who fails to make their payment by the due 
date. On the other hand, Cooperative Auditing 
Department (2016) defines loan default as any con-
tact owner who fails to pay the principal or interest 
within 1-60 days from the date. It means that if the 
debtor fails to make a payment for more than 60 
days, the contract would be defined as loan default. 
The prediction model can be used as a tool promot-
ing a warning system and ensuring an organiza-
tion’s financial stability (Hammond et al., 2023). 

Credit Scoring is a statistical analysis of a bor-
rower’s historical debt repayment information 
and behavior. Financial institutions use credit 
scoring to perform a predictive model assessing 
the likelihood of repaying a loan for a new loan 
application. This analysis evaluates the current 
situation of the loan applicant, including per-
sonal data, financial data, and historical repay-
ment records (Onay & Öztürk, 2018; Petrides et 
al., 2022; Van Gool et al., 2012). Credit scoring 
plays a critical role in finance and banking as it 
allows lenders to have a better understanding of 
borrowers by predicting the likelihood of future 
loan repayments. Moreover, this score reflects 
the economic credibility of an individual and is 
used as part of the loan approval process. Thus, 
this scoring is a risk management tool used to 
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evaluate the credibility of borrowers (Boughaci 
& Alkhawaldeh, 2019). It is important to find fac-
tors for model predictions used as credit scoring.

There is much research focusing on seeking credit 
factors influencing loan defaults (Steenackers & 
Goovaerts, 1989; Nguyen, 2015; Bravo et al., 2015; 
Barua et al., 2021; Saha et al., 2023; Thomas et al., 
2023; Abdou et al., 2017; Lokesha & Hawaldar, 
2019). The results reveal that borrower characteris-
tics, the down payment rate, credit term, remain-
ing contract term, interest rate, and approved loan 
amount impact the probability of loan default. In 
Thailand, Pattarapornpairot (2020) studied the 
variables influencing loan default prediction, in-
cluding the approved loan amount, remaining 
contract term, interest rate, outstanding debt, and 
collateral. Similarly, Notanonda (2000) investigat-
ed factors leading to default on residential loans 
at a commercial bank in Chiang Mai, finding that 
income and the borrower’s age were key predictors, 
aligning with Chushim’s (2013) study on factors af-
fecting non-performing loans (NPLs) for housing 
loans, which highlighted age, income, debt-to-in-
come ratio, loan-to-value ratio, and monthly in-
stallments as significant factors.

In addition, there are many methods in order to 
create prediction models (Zhu, 2019; Zhu et al., 
2023; Nguyen, 2015; Sariannidis et al., 2023) such 
as Decision tree, Random forest, Neural networks, 
K nearest Neighbor, Logistic regression, XGBoost, 
and LightGBM. Ali Albastaki (2022) proved that 
Logistic Regression is the best model for a loan 
default prediction system. Research constructing 
loan default prediction models typically utilizes 
Logistic Regression statistics as in commercial 
bank, student loan, and public mortgage loans; the 
results reveal that factors affecting loan repayment 
are approved loan amount, remaining contract 
term, collateral, interest rate, and outstanding 
debt as influential (Thiansomboon, 2017; Imsuk, 
2018; Kamphod, 2019; Maichandrang, 2021) In 
other countries, mortgage loan default can be pre-
dicted from interest rate and monthly payments 
(ANTAR, 2024). 

The purpose of the study is to seek factors influ-
encing loan defaults among the members of the 
savings and credit cooperatives in Thailand. The 
research hypotheses are formulated as follows:

H
1
: The loan interest rate impacts the repayment 

status.

H
2
: The collateral value impacts the repayment 

status.

H
3
: The approved loan amount impacts the re-

payment status.

H
4
: The remaining contract duration impacts the 

repayment status.

H
5
: The outstanding debt impacts the repayment 

status.

H
6
: The monthly installment impacts the repay-

ment status.

2. RESEARCH METHODOLOGY

Based on the literature review, this study’s inde-
pendent variables are loan interest rate, collateral 
value, the approved loan amount, remaining con-
tract duration, outstanding debt, and monthly 
installment. The dependent variable is the repay-
ment status, which represents the loan defaults. 
Logistic regression analysis is used to analyze data.  

This study collected data from the database of a 
large savings and credit cooperative whose assets 
exceeded 30,000 million Thai baht in November 
2023. The analysis utilized all contracts from this 
cooperative, totaling 11,441 contracts. The data 
were divided into two categories of debt classifica-
tion: (1) non-default status and (2) default status.

This study divided the data into two parts: part 
(1) 80% proportion, totaling 9,163 contracts, was 
selected using accidental sampling. This includes 
8,973 contracts with non-default status and 190 
contracts with default status. Part (2) 20% propor-
tion, totaling 2,287 contracts, was also selected us-
ing accidental sampling. This includes 2,222 con-
tracts with non-default status and 56 contracts 
with default status. Data were randomly selected 
from debtors across the two categories of debt 
classification. Part (1) was used for model cre-
ation by logistic regression analysis, while part (2) 
was used to validate the model’s accuracy. Table 
1 shows the proportion of 80% and 20% samples 



326

Investment Management and Financial Innovations, Volume 21, Issue 4, 2024

http://dx.doi.org/10.21511/imfi.21(4).2024.26

categorized by research variables, including the 
approved loan interest rate, collateral value, ap-
proved loan amount, remaining contract duration, 
outstanding debt, and monthly installment. 

The first part of the study analyzes the factors af-
fecting loan default among the savings and credit 
cooperatives members, using data from November 
2023, representing 80% of the sample. The analy-
sis is conducted using logistic regression models 
with six variables: loan interest rate (Int), collat-
eral value (Col), approved loan amount (Vol), re-
maining contract duration (Term), outstanding 
debt (Loan), and monthly installment (Pay), with 
loan status (Y) as the dependent variable. Six dif-
ferent models are analyzed:

Model 1 uses all six variables:

0 1 2 3 4

5 6
.

Y Int Col Vol Term

Loan Pay

β β β β β
β β
=

+

+ + + +

+
 (1)

Model 2 uses five variables, excluding the ap-
proved loan amount (Vol):

0 1 2 3

4 5
.

Y Int Col Term

Loan Pay

β β β β
β β
= + +

+ +

+
 (2)

Model 3 uses four variables, excluding the ap-
proved loan amount (Vol) and collateral value 
(Col):

0 1 2 3 4
.Y Int Term Loan Payβ β β β β= ++ + +  (3)

Model 4 uses three variables, excluding the ap-
proved loan amount (Vol), collateral value (Col), 
and outstanding debt (Loan):

0 1 2 3
.Y Int Term Payβ β β β= + + +  (4)

Model 5 uses three variables, excluding the ap-
proved loan amount (Vol), collateral value (Col), 
and monthly installment (Pay):

Table 1. Sample loan data from the savings and credit cooperatives, divided by 80% and 20% 
proportions, by variable

Variables

Proportion of 80% Proportion of 20%
Non-default Default Non-default Default

Frequency 
(total  

of 8,973)
Proportion

Frequency 
(total  

of 190)
Proportion

Frequency 
(total of 
2,222)

Proportion Frequency 
(total of 56) Proportion

Loan interest rate (Int)
3.95%-10.47% 8,971 0.9998 170 0.8947 2,222 1.0000 47 0.8393

10.48%-17% 2 0.0002 20 0.1053 0 0.0000 9 0.1607

Collateral (Col)
Less than 1,000,000 7,431 0.8282 134 0.7053 1,848 0.8317 36 0.6429

1,000,000 – 5,000,000 1,482 0.1652 51 0.2684 361 0.1625 18 0.3214

More than 5,000,000 60 0.0067 5 0.0263 13 0.0059 2 0.0357

Approved loan amount (Vol)
Less than 1,000,000 6,790 0.7567 125 0.6579 1,698 0.7642 34 0.6071

1,000,000 – 5,000,000 2,122 0.2365 60 0.3158 510 0.2295 20 0.3571

More than 5,000,000 61 0.0068 5 0.0263 14 0.0063 2 0.0357

Remaining contract duration (Term)
Less than 1,000,000 3,881 0.4325 73 0.3842 949 0.4271 16 0.2857

1,000,000 – 5,000,000 1,852 0.2064 68 0.3579 456 0.2052 22 0.3929

More than 5,000,000 3,240 0.3611 49 0.2579 817 0.3677 18 0.3214

Outstanding debt (Loan)
Less than 1,000,000 7,761 0.8649 151 0.7947 1,928 0.8677 42 0.7500

1,000,000 – 5,000,000 1,185 0.1321 35 0.1842 290 0.1305 12 0.2143

More than 5,000,000 27 0.0030 4 0.0211 4 0.0018 2 0.0357

 Monthly installment (Pay)
Less than 10,000 7,451 0.8304 154 0.8105 1,831 0.2041 44 0.7857

10,001 – 25,000 1,294 0.1442 28 0.1474 346 0.0386 9 0.1607

25,001 – 40,000 172 0.0192 4 0.0211 35 0.0039 1 0.0179

More than 40,000 56 0.0062 4 0.0211 10 0.0011 2 0.0357
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0 1 2 3
.Y Int Term Loanβ β β β= ++ +  (5)

Model 6 uses five variables, excluding the monthly 
installment (Pay):

0 1 2 3

4 5
.

Y Int Col Vol

Term Loan

β β β β
β β
=

+

+ + +

+
 (6)

3. RESULTS

The correlation coefficients between the six vari-
ables are used to observe the direction of the re-
lationship between the two variables. The corre-

lation coefficients of the variables are presented 
in Table 2.

Table 2, displayed the correlation coefficients be-
tween the variables, shows the following signifi-
cant relationships: collateral value (Col) is posi-
tively correlated with the approved loan amount 
(Vol) (r = .798**), outstanding debt (Loan) (r = 
.632**), and installment amount (Pay) (r = .629**). 
Moreover, the approved loan amount (Vol) is posi-
tively correlated with the outstanding debt (Loan) 
(r = .713**) and installment amount (Pay) (r = 
.677**). Finally, the remaining contract duration 
(Term) is positively correlated with the outstand-

Table 2. Correlation coefficients of predictive variables
 Variable Correlation and P-value Int Col Vol Term Loan Pay

Int
Pearson Correlation 1 .006 –.003 –.014 .006 .012

Sig. (2-tailed) – .594 .792 .193 .581 .266

Col
Pearson Correlation .006 1 .798** .005 .632** .629**

Sig. (2-tailed) .594 – 0.000 .647 0.000 0.000

Vol
Pearson Correlation –.003 .798** 1 –.007 .713** .677**

Sig. (2-tailed) .792 0.000 – .512 0.000 0.000

Term
Pearson Correlation –.014 .005 –.007 1 .022* –.101**

Sig. (2-tailed) .193 .647 .512 – .037 .000

Loan
Pearson Correlation .006 .632** .713** .022* 1 .659**

Sig. (2-tailed) .581 0.000 0.000 .037 – 0.000

Pay
Pearson Correlation .012 .629** .677** –.101** .659** 1

Sig. (2-tailed) .266 0.000 0.000 .000 0.000 –

Notes: ** Correlation is significant at the 0.01 level (2-tailed), and * Correlation is significant at the 0.05 level (2-tailed).

Table 3. Results of logistic regression analysis of variables leading to loan default

Variables
Coefficient 

and S.E. Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Constant
Coefficient –11.074 –11.065 –10.777 –10.347 –10.845 –11.109

S.E. 0.823 0.822 0.816 0.804 .816 0.824

Int

Coefficient 6.371** 6.365** 6.306** 6.252** 6.283** 6.313**

S.E. 0.75 0.75 0.748 0.746 .748 0.749

Exp(B) 584.778 581.422 547.952 518.904 535.913 551.733

Col

Coefficient 0.885** 0.934** – – – 0.743*

S.E. 0.316 0.222 – – – 0.314

Exp(B) 2.422 2.545 – – – 2.103

Vol

Coefficient 0.073 – – – – –0.085

S.E. 0.33 – – – – 0.329

Exp(B) 1.075 – – – – 0.918

Term

Coefficient –0.097 –0.097 –0.073 –0.032 –.050 –0.048

S.E. 0.093 0.093 0.091 0.088 .090 0.091

Exp(B) 0.907 0.907 0.93 0.969 .951 0.953

Loan

Coefficient 0.382 0.401 0.865** – – 0.089

S.E. 0.278 0.267 0.254 – – 0.259

Exp(B) 1.465 1.493 2.376 – – 1.093

Pay

Coefficient –0.596** –0.59** –0.31 0.156 0.584** –

S.E. 0.215 0.213 0.211 0.142 .176 –

Exp(B) 0.551 0.554 0.734 1.169 1.795 –

Nagelkerke R Square – 0.102 0.102 0.092 0.086 .091 0.097
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ing debt burden (Loan) (r = .022**) but negative-
ly correlated with the installment amount (Pay)  
(r = -.101**), with a significance level of 0.01.

Base on Table 3, the models are formulated as 
follows:

Model 1 uses all six variables:

11.074 6.371 0.885

0.073 0.097 0.382

0.596 .

Y Int Col

Vol Term Loan

Pay

= − + +
+ − +
−

 (7)

Model 2 uses five variables, excluding the ap-
proved loan amount (Vol):

11.065 6.365 0.934

0.097 0.401 0.59 .

Y Int Col

Term Loan Pay

= − + +
− + −

 (8)

Model 3 uses four variables, excluding the ap-
proved loan amount (Vol) and collateral value 
(Col):

10.777 6.306 0.073

0.865 0.31 .

Y Int Term

Loan Pay

= − + −
+ −

 (9)

Model 4 uses three variables, excluding the ap-
proved loan amount (Vol), collateral value (Col), 
and outstanding debt (Loan):

10.347 6.252 0.032

0.156 .

Y Int Term

Pay

= − + −
+

 (10)

Model 5 uses three variables, excluding the ap-
proved loan amount (Vol), collateral value (Col), 
and monthly installment (Pay):

10.845 6.283 0.50

0.584 .

Y Int Term

Loan

= − + −
+

 (11)

Model 6 uses five variables, excluding the monthly 
installment (Pay):

11.109 6.313 0.743

0.085 0.048 0.089 .

Y Int Col

Vol Term Loan

= − + +
− − +

 (12)

Table 3 reveals that at a significance level of 0.01, 
the interest rate (Int) significantly affects loan 
default probability across all models, with coeffi-
cients of 6.371, 6.365, 6.306, 6.252, 6.283, and 6.313, 
respectively, and odds ratios of 584.778, 581.422, 
547.952, 518.904, 535.913, and 551.733, respective-
ly. The coefficient and odds ratio of Model 1 can 
be explained as a coefficient of 6.371; this means 
that a 1% increase in the interest rate increas-
es the probability of loan default by 6.371 times. 
Moreover, collateral value (Col) is significant at 
the level of 0.01 in Models 1, 2, and 6 with coef-
ficients and odds ratios: (1) Model 1: coefficient = 
0.885, odds ratio = 2.422; (2) Model 2: coefficient = 
0.934, odds ratio = 2.545; and (3) Model 6: coeffi-
cient = 0.743, odds ratio = 2.103. For Model 1, a co-
efficient of 0.885 means that a 1,000 THB increase 
in collateral value increases the probability of loan 
default by 0.885 times. Outstanding debt (Loan) 
is significant at the level of 0.01 in Model 3 with 
a coefficient of 0.865 and an odds ratio of 2.375. 
Installment amount (Pay) is significant at the lev-
el of 0.01 in models 1, 2, and 5 with coefficients 
and odds ratios: (1) Model 1: coefficient = –0.596, 
odds ratio = 0.551; (2) Model 2: coefficient = –0.59, 
odds ratio = 0.554; and (3) Model 5: coefficient = 
0.584, odds ratio = 1.795. For Model 1, a coefficient 
of –0.596 means that a 1,000 THB increase in the 
installment amount decreases the probability of 
loan default by 0.596 times.

To validate the model’s accuracy, the second part 
of the study predicts loan default using 20% of the 
sample data, with 2,278 contracts. The prediction 
uses the logistic regression models to calculate Y 
for each contract and determine the probability of 
default. Based on model 1, the model’s prediction 
accuracy is 2.38% when substituting the value into 
the probability equation (Boateng & Abaye, 2019; 
Thiansomboon, 2017) as follows.

The result reveals that there were 2,222 non-de-
fault contracts; the equation correctly predicted 
53 contracts. For the loan defaults of 56 contracts, 
the equation correctly predicted 1 contract. This 
means that a total of 2,278 contracts were used to 

( )

11.074  6.371   0.885   0.073   0.097   0.382  0.596

 11.074  6.371   0.885   0.073   0.097   0.382  0.596
.

1

Int Col Vol Term Loan Pay

loan defaults Int Col Vol Term Loan Pay
P

e

e

− + + + − + −

− + + + − + −=
+

 (13)
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validate the model; Model 1 correctly predicted 54 
contracts, as shown in Table 4. 

According to the validation method used in Model 
1, the equation correctly predicted 2,217 non-de-
fault accounts and 56 default accounts. Out of the 
2,278 accounts used for validation, the model cor-
rectly predicted 2,273 accounts, resulting in an ac-
curacy of 99.78% in Model 2. The result confirms 
that H

3
 is not a predictor for the loan default.

For Model 3, the equation correctly predicted 
1,841 non-default accounts and 46 default ac-
counts. Out of the 2,278 accounts used for valida-
tion, the model correctly predicted 1,887 accounts, 
resulting in an accuracy of 82.85%. The equation 
correctly predicted 1,684 non-default accounts 
and 42 default accounts. Out of the 2,278 accounts 
used for validation, the model correctly predicted 
1,727 accounts, resulting in an accuracy of 75.81% 
in Model 4. 

For Model 5, the equation correctly predicted 967 
non-default accounts and 24 default accounts. Out 
of the 2,278 accounts used for validation, the mod-
el correctly predicted 991 accounts, resulting in an 
accuracy of 43.50%. 

Finally, the equation correctly predicted 1,933 
non-default accounts and 49 default accounts. Out 
of the 2,278 accounts used for validation, the mod-
el correctly predicted 1,982 accounts, resulting in 
an accuracy of 87.00% in Model 6. 

Thus, Model 2 provides the highest accuracy at 
99.78%, suggesting it is the most accurate for pre-
dicting loan default with the five variables: interest 
rate (H

1
), collateral value (H

2
), remaining contract 

duration (H
4
), remaining debt (H

5
), and monthly 

installment (H
6
). 

4. DISCUSSION 

This study’s logistics regression result reveals that 
loan default can be predicted by interest rate, col-
lateral value, remaining contract duration, out-
standing debt, and monthly installment. The re-
sult aligns with the study by Tiensomboon (2017) 
on factors affecting housing loan defaults, indi-
cating that the significant factors are consistent 
across different types of loan analyses. Moreover, 
the variables used as loan default predictors align 
with many previous studies, such as Barua et al. 
(2021), Omek et al. (2023), Saha et al. (2023), and 
Thomas et al. (2023), which all concluded that 
credit term, interest rate, outstanding debt, im-
pact significantly to the probability of loan de-
fault. One possible explanation for the findings’ 
consistency with many previous studies is that, 
despite the fact that savings and credit coopera-
tives differ from commercial banks in that they 
exclusively offer their loan to members, the credit 
analysis procedures of these financial institutions 
should be identical to those of commercial banks.  
Crucial factors such as interest rate, outstanding 
debt, credit term all need to be carefully consid-
ered. The result on interest rate can be a predic-
tor for loan default. A loan contract with a higher 
interest rate would have a higher monthly loan 
payment than a contract with a lower interest rate, 
reflecting the higher opportunity of loan default. 
If a borrower has liquidity issues, he or she will 
not be able to repay the loan. Moreover, high col-
lateral value and high outstanding debt balance 
will cause loan default since it would be difficult 
for a borrower to make a repayment in case of in-
sufficient liquidity. On the other hand, a shorter 
contract duration makes a lower risk of loan de-
fault because the outstanding debt is not as high 
as when the contract begins. Moreover, the higher 
monthly installments reflect the borrower’s good 

Table 4. Result validation

Model
Non-default Default

Correct Incorrect Correct Incorrect
Frequency Proportion Frequency Proportion Frequency Proportion Frequency Proportion

Model 1 53 0.0238 2,169 0.9762 1 0.0238 55 0.9762

Model 2 2,217 0.9978 5 0.0022 56 0.9978 0 0.0022

Model 3 1,841 0.8285 381 0.1715 46 0.8285 10 0.1715

Model 4 1,684 0.7581 538 0.2419 42 0.7581 14 0.2419

Model 5 967 0.4350 1,255 0.5650 24 0.4350 32 0.5650

Model 6 1,933 0.8700 289 0.1300 49 0.8700 7 0.1300
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financial stability, then the likelihood of loan de-
fault would be avoided. 

The limitations of this study are that, first, it 
is difficult to collect time series data from the 

database. Second, this study implies only the 
Logistics Regression method to create a predic-
tion model. Future studies should consider time 
series data analysis and compare several models 
to confirm predictions. 

CONCLUSION

The study aims to investigate factors influencing loan defaults among the members of the savings and cred-
it cooperatives in Thailand. The finding reveals that the highest accuracy factors are interest rate, collateral 
value, remaining contract duration, outstanding debt, and installment amount. The savings and credits 
cooperative institution should adjust the loan interest rates according to economic conditions. Moreover, 
closely monitoring members with high remaining debt would help the institution prevent loan defaults, 
and the institution should create a conservative loan approval policy to reduce its loan default. Moreover, 
the prediction results benefit stakeholders such as the savings and credit cooperatives institution, micro-
finance institutions, and regulators. The savings and credit cooperatives institution should adjust the loan 
interest rates according to economic conditions. Moreover, closely monitoring members with high out-
standing debt would help the institution prevent loan defaults. On the other hand, the institution should 
create a conservative loan approval policy, such as considering the appropriateness of the loan amount 
relative to collateral value, increasing monthly installment for loans without collateral to reduce default 
probability, and extending repayment periods for loans with collateral to reduce default probability. 
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