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Abstract. Housing is one of the individuals' basic needs besides food and 

clothing, and house demand will increase continuously to respond to the 

increasing population. Consequently, the gaps between housing needs and 

availability (backlog) in Indonesia remains high. However, home mortgage 

default probability is still a crucial issue for banks. Investigating the factors that 

explain home mortgage default probability is important for banks to mitigate the 

credit default risk. Among these numerous factors, loan and borrowers' 

characteristics likely play significant roles in determining home mortgage 

probability. Hence, this study seeks to analyze the effects of credit and 

borrowers' characteristics on home mortgage default probability. One hundred 

and thirty-three mortgage customers of the Semarang Branch Office of Bank X 

are selected as the research sample through the purposive sampling method. 

Because the dependent variable has discrete values representing different loan 

qualities (from liquid to doubtful), the data is then analyzed using the ordered 

probit regression analysis. The results show that loan to value (LTV) is the 

credit characteristic that affects home mortgage default probability, implying 

that higher LTV ratios will increase home mortgage default. Meanwhile, 

education level is the borrower's characteristic that significantly affects home 

mortgage default probability. This study offers the following managerial 

implications. First, banks should consider their borrowers' education level. In 

this respect, education level is closely related to a broader perspective and the 

amount of income. Second, banks should also consider LTV when allocating 

home mortgages because it indicates potential borrowers' capacity to pay. Our 

findings inform banks to take potential borrowers’ education levels into account 

when making home mortgage credit decisions. Education levels are closely 

related to broader perspectives and higher income. Meanwhile, LTV (a ratio 

between credit amount and property value) is related to the capacity to repay. 

Higher property values imply lower LTV ratios and eventually lower default 

risks. Consequently, banks have to consider borrowers’ purchasing power in 

determining LTV ratios to enhance the probability of home mortgage 

repayment. 
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1 Introduction 

 

Besides food and clothing, housing is the individuals’ basic needs. Hence, housing 

demands will continuously increase in line with the increasing population. However, the gap 

between housing demands and house availability (backlog) in Indonesia is very high, although 

the number continues to decline after the government has issued the “one million houses 

development” policy since 2015. According to the Ministry of Public Works and Public 

Housing (PUPR-Pekerjaan Umum dan Perumahan Rakyat), the backlog ratio was still 7.6 

million units [1]  The figure suggests that housing needs are still high in Indonesia. Due to 

limited purchasing power, most people rely on home mortgage loans in buying houses, as 

indicated by the annual growth of home mortgage loans of 2.85%. In particular, the proportion 

of the use of home/ apartment mortgage loans in total residential purchases increases from 

71.88% in quarter IV-2019 to 74.73% in quarter I-2020 (Figure 1). 

 

 
Fig. 1. Consumers’ Financing Sources in Purchasing Properties (% of Consumers’  

Purchase of Residential Properties) 

 

The above diagram suggests that mortgage loans are still the main financing source of 

Indonesian people when buying houses. Several factors explain why home/ apartment 

mortgage loans remain popular amidst high property prices [2], including affordable down 

payment and monthly instalment; apartment/ home mortgage loans offer numerous flexible 

features that simplify borrowers in repaying, especially the first-buyers [3]. Prior studies [4] 

identify borrowers, firms, and credit characteristics that affect credit repayment timeliness. 

However, prior studies on the determinants of credit defaults that use the Indonesian setting 

largely focus on general credit and overlook home mortgage loans. In contrast, mortgage loans 

exhibit different characteristics from other consumptive credits.  Thus, this investigation looks 

to dissect the impact of credit and borrowers' attributes on home loan default probability. It is 

expected that this study informs banks in making home mortgage loan decisions 

 



2 Literature Review 

 

2.1 Asymmetry Information 

 

Asymmetry Information exists when an economic actor has better access to inside 

information while others cannot have. More specifically [5] defines information asymmetry as 

a condition when an economic actor possesses better information on negotiated economic 

objects than other economic actors. Further, [5] divides information asymmetry into two types 

based on how an economic actor possesses better information than others, that is adverse 

selection and moral hazard. The adverse selection exists when an economic actor (e.g., a 

seller) has better information than others (e.g., buyers) before these actors enter an economic 

contract.  Meanwhile, moral hazard refers to a condition when an economic actor exploits her 

information advantages for her benefits at the expense of other economic actors’ after these 

economic actors enter an economic contract.  

Information asymmetry occurs in various transaction processes, such as labor, financial, 

and insurance markets. In credit markets, there are time gaps between the credit contract is 

agreed and the repayment periods. According to [6] financial contracts include factors that 

lead to adverse selection and moral hazard. Meanwhile, as suggested by [7], information 

imperfection results in at least four credit market problems: adverse selection, moral hazard, 

lack of insurance, and weak law enforcement. Meanwhile, according to [8] imperfect 

information affects firms’ internal organization and their relationships with labor, capital, and 

product markets.  

 

2.2 Risk-taking Behavior 

 

Risk-taking behavior is an individuals’ psychological aspect when making economic 

decisions. According to [9] behavior is the results of a series of processes that can be divided 

into several identification processes, namely identifying alternative choices, identifying the 

consequences of each alternative, evaluating the probability of each consequence, evaluating 

the potential payoffs of each consequence, and combining all information to make a decision. 

Meanwhile, [10] define risks as uncertainty that may imply negative or positive consequences. 

According to [11], risk-taking behavior refers to how individuals behave in risky situations 

that involve a high degree of uncertainty and likely imply losses. According to [12], risk-

taking behavior refers to activities that potentially involve novel or risky matters that invite 

anxiety to most human beings.  

 

2.3 Hypothesis Development  

 

In this study, credit characteristics include loan to value (LTV), interest rate, and loan 

amount. [13] find that credit characteristics strongly affect home mortgage default probability. 

Specifically, the LTV is the ratio between the bank's maximum loan amount and the estimated 

value of the property at the time of credit agreement is made [14]. LTV is a prudential macro 

instrument to anticipate increased mortgage demands because higher mortgage growth 

potentially exposes banks to various risks. Higher LTV ratios imply lower amounts of down 

payment. Consequently, the amounts of mortgage loans are higher, and borrowers’ repayment 

burden will be higher. In this respect, higher borrowers’ repayment burden will increase home 

mortgage default probability.   



Previous research related to LTV was done by [15] demonstrates that LTV affects default 

probability. The finding is supported by [16]  and [17] who show that the LTV ratio is a strong 

predictor of home mortgage default probability. Both variables are also positively associated. 

Other studies on LTV by [13][18][19][20] indicate that borrowers are more likely to exhibit 

loan default when they have higher LTV ratios. Thus, we propose the following first 

hypothesis: H1: LTV positively affects home mortgage default probability.  

Interest rate is the returns of loans that are usually stated in the percentage of loans given 

[21]. Meanwhile, according to [22], credit interest is the price that borrowers have to pay to 

banks. Banks should be able to determine the interest rate charged to their potential borrowers. 

On the one hand, charging interest rates too high will likely discourage potential borrowers 

from applying credits to the bank, and other banks will outcompete the bank. On the other 

hand, lower interest rates will erode banks’ profits. Changes in credit interest rates are a factor 

that affects systematic risks. In this respect, higher home mortgage interest rates will increase 

default risk. Meanwhile, lower home mortgage interest rates will attract potential borrowers, 

and mortgage-backed residential properties' demands will increase. Further, borrowers will 

have to make lower amounts of credit repayment to reduce home mortgage default probability. 

[23] demonstrate the significantly positive impact of credit interest rate on non- performing 

loans (NPL). Similarly, [24] [25] conclude that interest rates affect default probability. Hence, 

the following is our second hypothesis: H2: Interest rate positively affects home mortgage 

default probability.  

Credit amount refers to the amounts of credit given to customers according to the credit 

types and borrowers’ needs. [26] show that credit amount affects NPL. Credit amount is 

affected by credit demands by borrowers. This argument is supported by banks’ role as agents 

of development that makes banks the main financing alternative for potential borrowers. Prior 

studies of [4] [19][24][27][28] indicate that credit amount affects default probability. Based on 

these arguments, the third hypothesis is: H3: Credit amounts positively affect home mortgage 

default probability.  

Besides the financial variables, personal characteristics such as education, income, and 

gender are similarly important to explain credit default [29]. In general, younger individuals 

enter the job market more currently and earn less than older ones who are more experienced 

and have a more stable income. Consequently, age will affect individuals’ ability to repay 

their loans, including home mortgage loans. Those who enter the job market more recently 

and aim to have residential houses rely on home mortgage as the financing scheme. Further, 

younger individuals tend to have less experience in managing their personal finances, 

including repaying their home mortgages. [30][31][32] conclude that age negatively affects 

credit default probability. Hence, the following is our fourth hypothesis: H4: Age negatively 

affects home mortgage default probability. 

Education refers to borrowers’ formal education level that is measured by order measures. 

Highly educated individuals arguably have better skills and knowledge in managing their jobs 

and income. More specifically, education is: (1) the process of developing ones’ ability, 

attitude, and behaviors in their society; and (2) a social process in which individuals are 

exposed to controlled and selected environments (especially from their schools) that enable 

them to acquire or experience optimal developed social abilities. [30][31][32][33] conclude 

that education level affects household debt default. Based on these arguments, we propose the 

following fifth hypothesis: H5:Education level negatively affects home mortgage default 

probability.  

Income refers to revenues stated in monetary units received by individuals or households 

based on their earnings or other revenue sources. Individuals earn incomes from various 



sources and occupations, such as civil servants, entrepreneurs, farmers, and artists. Revenues 

or income affects default probability [4][19][28]. In line with these results, [34] finds that 

annual net income is a factor that affects loan repayment. Similarly, [35] finds that income is a 

factor that affects loan repayment. Meanwhile, [36] document that income and business types 

affect microcredit repayment. Entrepreneurs with higher income repay their loans more-

timely. Further, [37] observes that unexpected expenditures are the main reason of credit 

repayment failure. Besides, borrowers with lower income tend to experience default. In 

general, those with higher household income are less likely to experience credit default [38]. 

Hence, the following is our sixth hypothesis: H6: Income negatively affects home mortgage 

default probability. 

 

 

3 Methodology 

 

According to [39] population refers to the generalization area that consists of objects or 

subjects with certain quality or characteristics set by the researchers to investigate and 

conclude. The population of this study is all borrowers of Bank X in 2018-2019 who reside in 

Semarang City. Further, as suggested by [39] sample is the part of the amount and 

characteristics of the population. We select the sample using the non-probability sampling 

(purposive sampling) based on the following criteria: (1) home mortgage borrower of bank X, 

(2) having been a borrower for at least two years, (3) residing in Semarang City, and (4) a 

Muslim. Based on these criteria, we manage to generate 133 borrowers of Bank X as the 

sample. The following table explains the research variables, the operational definition of the 

research variables, the operational indicators for each variable, and the measurement scale.  

 
Table 1. Research Variables, Operational Definitions, and Indicators 

Variable  Operational Definition Indicator Scale 

Home 

Mortgage 

Default 

Probability 

Borrowers’ inability to repay 

loans [40] 

 

1 = pass/ liquid 

2 = special mention  

3 = substandard 

4 = doubtful  

5 = loss 

Ordinal  

Credit Interest 

Rate 

Prices that should be paid by 

borrowers to banks [22] 

Credit interest rate of 

Bank X that is measured 

in percentage 

Ratio 

Credit Amount Credit amount given to 

borrowers according to credit 

types and needs.  

Credit amount in Bank X, 

measured in Rupiah 

Ratio 

Loan to Value The ratio between credit 

amount can be given by the 

bank and property’s current 

value as the collateral [14]. 

          Loan amount 

LTV = --------------------- 

            Property value  

Ratio 

Age Borrowers’ age.  Age= research year – 

borrowers’ year of birth 

Ratio 

Education 

Level 

Borrowers’ formal education 

level. 

1. Senior High School 

2. Diploma degree 

3. Bachelor degree  

4. Master degree 

5. Ph.D. degree 

Ordinal 

Income The sum of all the respondent's 

revenues in the forms of 

Income = salary+ wage + 

allowance + other 

Ratio 



Variable  Operational Definition Indicator Scale 

salaries, wages, or other 

revenues within a month.  

revenues 

 

This study uses order probit regression to analyze the data as the development of probit 

analysis. Probit model analyzes the relationship between the qualitative response variable and 

the qualitative predictor variables, or the combination of both. This model relies on the 

Normal Cumulative Distribution Function (CDF) to explain the equation function [41]. Thus, 

home mortgage default probability depends on the unobserved utility index. 

 

Yi = β1 + β2X1 

   (1) 

Order probit model develops the probit model to predict the probability of an event 

with the ordinal dependent variable with the following equation: 

 

�� = �� + ∑ ��	� + 
����
���        (2) 

 

Where: 

Yi = 0  if  ��
∗ ≤ 
� 

Yi = 1  if  
� < ��
∗ ≤ 
� 

Yi = 2  if  
� < ��
∗ ≤ 
� 

………… 

Yi = j  if  ��
∗ ≥ 
��� 

 

With: 

��
∗ = dependent variable 

Yi = respondents’ preference levels in ordinal ranks (0 – j)  

X = independent variable  

i = random utility  

β = variable coefficient 

 = values that limit the dependent variable ��
∗ 

 

Next, the following is our order probit empirical model:  

 

Y = β0 + β1X1+ β2X2 + β3X3+ β4X4+ β5X5 + β6X6   (3) 

 

Where: 

Y  : home mortgage default probability   

X1 : interest rate 

X2 : loan to value  

X3 : the logarithmic value of credit amount  

X4 : the logarithmic value of borrowers’ income  

X5 : borrowers’ age at the time of credit application  

X6 : borrowers’ education level 

β0 : intercept/constant 

β1-6 : regression coefficient  
 : error term 

 



 

4 Result and Discussion 

 

4.1 Respondents’ Profiles 

 

Our sample is home mortgage borrowers of Bank X who reside in Semarang City, the 

capital city of Central Java Province, that experiences a very high property growth. This city 

also has a diverse population with vibrant religious and sociocultural dynamics. This study 

uses secondary data from 133 borrowers’ approved home mortgage applications up to 2019. 

Table 2 below demonstrates the respondents’ characteristics. 

 
Table 2. Respondents’ Characteristics 

Characteristics Frequency Percentage 

Sex 

- male 

- female 

 

85 

48 

 

63.91 

36.09 

Age 

<= 30 years 

31 – 40 years 

41 – 50 years 

> 50 years 

 

36 

49 

35 

13 

 

27.07 

36.84 

26.32 

9.77 

Education 

- Senior High School 

- Diploma 

- Bachelor (S1) 

- Master (S2) 

- Doctor (S3) 

 

25 

16 

65 

26 

1 

 

18.8 

12.03 

48.87 

19.55 

0.75 

Occupation 

- Civil servant 

- Private employee 

- Military/ Police 

- Local/ national SOE 

- Banker 

- Lecturer 

- Doctor 

- Notary 

- Contractor 

 

47 

59 

7 

7 

4 

4 

2 

2 

1 

 

35,34 

44,36 

5.26 

5.26 

3.01 

3.01 

1.5 

1.5 

0.75 

Income 

<= 5 million 

> 5 – 10 million 

> 10 – 15 million 

> 15 million 

 

7 

51 

35 

40 

 

5.26 

38.35 

26.32 

30.08 

Source: Secondary data (processed), 2020) 

 

The above table informs that most respondents are male (85 or 63.91% of total 

respondents), indicating that men mainly make home mortgage loan decisions likely because 

of their role as the family head who make financial decisions. Next, most respondents are 

between 31-40 years old (49 respondents or 36.84%), implying that the home mortgage 

borrowers of Bank X are mostly in their productive ages and therefore have better abilities to 

repay their loans. The table above also informs that most respondents have a bachelor's degree 

(65 respondents or 48.87% of total respondents), indicating that respondents have sufficient 



knowledge of their responsibilities to repay loans. Next, most respondents work in the private 

sector (59 respondents or 44.36% of total respondents) and public sector as civil servants (47 

respondents or 35.34% of total respondents), suggesting that home mortgage borrowers of 

Bank X in Semarang City earn a stable income and are therefore eligible to obtain home 

mortgage credit financing. Lastly, most respondents earn income between 5 – 10 million 

rupiahs (51 respondents or 38.35% of total respondents). The figures imply that home 

mortgage borrowers of Bank X in Semarang earn sufficiently to fulfil their obligations in 

repaying their home mortgage loans timely. 

 

4.2 Main Analysis  

 

This study used order probit model to investigate the determinant of home mortgage 

default probability in Semarang City. The results of the probit analysis can be seen in the table 

as follows. 

 
Table 3. Summaries of Order Probit Analysis Results 

Independent 

Variable 
Coefficient 

Robust 

Std. Err 
Z P>z 

Interest Rate 

Loan to Value 

Credit Amount 

Income 

Age 

Education 

-0.8569# 

0.0228 

0.0207 

-0.3188 

0.0110# 

-0.3294 

0.70949 

0.01195 

0.29407 

0.30776 

0.01234 

0.11387 

1.21 

1.91 

0.07 

-1.04 

0.90 

-2.89 

0.227 

0.056* 

0.944 

0.300 

0.369 

0.004**

* 

Dependent Var. 

Wald 

Log-likelihood 

Prob. Sig. 

Pseudo R2 

N 

: Default Probability 

:  27.88 

: -62.1560 

:  0.0002*** 

:  0.166 

:  133 

Source: Secondary data (processed), 2020) 

 

Table 3 above suggests that two variables significantly affect the dependent variable, 

namely LTV and education. The Wald value of 27.88 (significant at 0.0002) indicates that our 

order probit model fits with the data and can be used for hypothesis testing 

 

4.3 Discussion  

 

a) The Impacts of Credit Characteristics on Home Mortgage Default Probability  

 

Credit characteristics include LTV ratio, interest rate, and credit amount. [13] find that 

credit characteristics strongly explain home mortgage default probability. Our results show 

that LTV is positively associated with higher home mortgage default probability.  The 

findings support our hypothesis that predicts that LTV positively affects home mortgage 

default probability. Further, our results are in line with [15][20] who conclude that LTV 

positively affects credit default probability. The findings also support [16][17][42] who show 

that LTV is positively associated with home mortgage default probability. Ours is also in line 

with other studies of [18][19] who conclude that default risk is higher when the LTV ratio is 

also greater. However, our results differ from [43][44] who observe that the LTV ratio does 

Explanation:  
 ***significant up to 1%  

   **significant up to 5%  

     *significant up to 10% 



not affect credit default probability.  

The results indicate that interest rate does not affect home mortgage default probability. 

[15][45] who document that interest rate does not affect credit risk. However, our findings are 

different from [46] who conclude that higher credit risks imply higher interest rates demanded 

by banks to compensate for the risk. The results also differ from [23][24][25] who conclude 

that interest rate affects credit risk.  This study demonstrates that credit amount does not affect 

home mortgage default probability of bank X’s borrowers. The results suggest that bank X has 

adjusted credits granted to their borrowers with borrowers’ repayment ability, leading to lower 

default probability. Besides, bank X has adjusted credit amount with repayment periods and 

borrowers’ income.  The findings are in line with [47] who documents that credit amount 

negatively affects loss credit. However, ours are different from [4][19][24][27] who show that 

credit amount affects default probability.   

Overall, the results support the asymmetric information theory. This theory argues that 

lenders (banks) have inside information that borrowers cannot access in the mortgage loan 

contracts. The asymmetry will lead to higher credit risk or credit default probability. In this 

respect, potential borrowers do not have complete information on credit characteristics, while 

banks have complete information of credit characteristics. Consequently, information 

asymmetry exists, and credit default probability increases.  

 

b) The Impacts of Borrowers’ Characteristics on Home Mortgage Default Probability  

 

The results demonstrate that income does not significantly affect home mortgage default 

probability. Hence, banks have identified borrowers’ income that borrowers have sufficient 

income and can fulfil their obligations to repay their home mortgage loans. Banks have to 

consider potential borrowers’ income to allocate mortgage credits prudently. The results are 

different from [33] who study the determinants of household debt defaults in Chile. Their 

results conclude that sex, marital status, age, family income, and education level affect 

household debt default. Similarly, ours is different from [30][31][32] who observe that 

demographic factors (age, sex, education level, number of family members, and income) 

affect household debt default.  

Younger individuals tend to be less experienced and earn less than older ones. Our 

findings indicate that age does not statistically affect home mortgage default probability. 

Hence, home mortgage default probability of Bank X is not affected by borrowers’ age. 

However, the findings do not support [30] [31][32][33] who conclude that age affects home 

mortgage default. Our results demonstrate that education level negatively affects home 

mortgage default probability. Thus, borrowers with higher education levels are less likely to 

have home mortgage defaults. Consequently, banks should consider the education levels of 

their borrowers. Our findings are in line with [30][31][32][33] who demonstrate that education 

levels affect household debt default.  

Overall, the findings support the asymmetric information theory. This theory applies in 

credit transactions such as home mortgages that will result in credit risk or default. 

Specifically, borrowers and banks do not have equal information. Borrowers have private 

information on their behavior and characteristics before the credit contracts are set.  

Meanwhile, banks as the creditors do not have complete information on borrowers’ 

characteristics. Consequently, credit transactions are subject to default risk. As suggested by 

[48] banks inherently incur information asymmetry problems that make it difficult for banks to 

monitor their borrowers.  Banks that can reduce information asymmetry will have better credit 

decisions and less costly monitoring mechanisms.   



 

5 Conclusions  

 

LTV ratio is the credit characteristic that significantly affects home mortgage default 

probability. Hence, higher LTV ratios will increase home mortgage default probability. 

Meanwhile, interest rate and credit amount do not statistically affect home mortgage default 

probability in Bank X. The results suggest that borrowers do not take interest rates into 

account when applying for home mortgage loans. Instead, they are motivated by the desire to 

fulfil their housing and residential needs. Similarly, credit amount does not affect home 

mortgage default probability because borrowers usually apply for home mortgage loans 

according to their upper limits and abilities to repay their loans. In this study, education level 

is the borrowers’ characteristic that significantly affects home mortgage default probability in 

Bank X (negative effect). Thus, more highly educated borrowers are less likely to experience 

home mortgage defaults. Besides, highly educated individuals have the capacities to earn a 

higher income and manage their income better. Consequently, it is easier for them to repay 

their home mortgage loans than less educated ones.  

Overall, our findings inform banks to take potential borrowers’ education levels into 

account when making home mortgage credit decisions. Education levels are closely related to 

broader perspectives and higher income. More educated individuals will likely have better 

jobs and earn higher income that enable borrowers to repay their home mortgage loans. 

Meanwhile, LTV (a ratio between credit amount and property value) is related to the capacity 

to repay. Higher property values imply lower LTV ratios and eventually lower default risks. 

Consequently, banks have to consider borrowers’ purchasing power in determining LTV ratios 

to enhance the probability of home mortgage repayment.  
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