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A B S T R A C T 

We contribute to the relationship banking literature by uncovering the impact of a prior banking 

relationship on borrower’s incentives to avoid default. As an identification strategy we exploit 

a proprietary dataset comprising 149,230 mortgage loans tracked monthly over a two-year 

period in a unique institutional setting that allows us to isolate the influence of borrower’s 

incentives. Our findings indicate that a pre-existing relationship diminishes borrower’s default 

risk by approximately 4%, exclusively attributable to the value of the relationship for the 

borrowers. This effect persists even during the notable surge in loan defaults during the 

COVID-19 pandemic. Our results also show that the impact of pre-existing banking 

relationships on avoiding default is stronger for wealthier, more religious, and male borrowers.  
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1. Introduction 

Relationship banking and its role in default behavior are widely recognized to operate through 

three primary channels: screening, monitoring, and borrower’s incentives (Puri et al., 2017). 

The motivation behind the borrower’s incentives channel stems from the borrower’s preference 

for preserving the value of the relationship they have built with their bank over time. The 

relationship helps clients gain easier access to bank loans, often with better terms (Peterson and 

Rajan, 1994; Berlin and Mester, 1999; Boot, 2000; Puri et al., 2017 among others). 

While screening and monitoring mechanisms have been extensively studied (e.g., Diamond, 

1984; Manove et al., 2001; Keys et al., 2010; Puri et al., 2017; Bedayo et al., 2020), the 

borrower’s incentives channel remains relatively underexplored due to the challenges in 

distinguishing its impact from that of other channels. It is worth noting that some researchers 

have attempted to address this challenge. For instance, Schoar (2012) conducts a firm-level 

randomized experiment where loan officers increase personal interactions with a random group 

of borrowers (the treatment group). The study demonstrates that borrowers with more personal 

interactions with loan officers exhibit stronger incentives to avoid default.1 

Our paper aims to address this challenge by elucidating the extent to which a prior relationship 

with a bank influences a borrower’s incentives to avoid default. Unlike previous research, we 

focus on mortgage loans and differentiate between borrowers with a prior relationship with the 

lending bank and those without, rather than comparing the borrowers with personal interactions 

with loan officers to those without. This is because we believe that developing a bank-borrower 

relationship over time involves many factors beyond just personal interactions., 

Our study leverages a unique setting where all borrowers – with and without a prior relationship 

– undergo identical screening and monitoring processes, thereby enabling us to isolate the 

impact of borrower’s incentives on loan default. This approach allows us to observe the effect 

of a prior relationship exclusively on a borrower’s incentives in defaulting on a mortgage loan.  

We exploit the distinct institutional framework in Iran’s mortgage market which enables us to 

separate the role of borrowers’ incentive from the roles of screening and monitoring. In Iran, 

there is only one specialized bank for mortgage loan, known as “Maskan Bank”. The bank 

issues mortgage papers in the stock market to fund its business. According to this setting, 

applicants must purchase mortgage papers from the market to be eligible for mortgage loans,2 

and the bank is obliged to grant credits to the holders of these mortgage papers. In addition, all 

 
1 Puri et al. (2017) use the activity score – a comprehensive measure of a borrower’s checking account activity – 

to assess a borrower’s incentives to avoid default. This score includes factors such as the number of checking 

accounts, account balances, credit line usage, credit limit violations, and bounced checks, weighted for their 

predictive power of defaults. However, their study neither distinguishes borrowers with a bank relationship from 

those without one, nor does it fully separate the borrower’s incentives channel from the screening and monitoring 

channels. 
2 The loan purposes encompass various activities related to housing, including purchasing, construction, 

renovation, and repairing a house. 
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mortgage-paper-holders, independent of having any prior relationships with Maskan Bank, are 

treated similarly in loan screening and monitoring processes. This unique setting – resembling 

an experiment trial – ensures that any difference in a borrower’s repayment behavior is 

attributable solely to factors beyond monitoring and screening: the borrower’s incentives 

channel. 

In this study, we utilize a comprehensive dataset of 149,230 mortgage loan monthly 

performance records from March 2019 to February 2021. This dataset offers detailed insights 

into both loans and borrowers’ characteristics, including information on pre-existing 

relationships between borrowers and the bank. 

Our analysis shows that the borrowers with prior relationships exhibit approximately a 4% 

lower risk of default compared to those without such relationships. The findings underscore 

the importance of a borrower’s incentives to avoid default and, consequently, maintain the 

relationship developed with the bank. Furthermore, borrowers who lack a prior relationship 

with Maskan Bank generally maintain relationships with other commercial banks, making 

default on Maskan Bank’s loans less consequential for them. This strategy aligns with the 

literature, which suggests that borrowers may prioritize protecting relationships with their 

banks. As a result, they might selectively choose which obligations to fulfil and which bank to 

default on (Schäfer, 2019). 

We also examine the relationship during the COVID-19 pandemic. The analysis reveals that 

there is a significantly lower default rate during the COVID-19 pandemic among borrowers 

with pre-existing relationships. These findings underscore the pivotal role of relationship 

banking and borrowers’ incentives in loan performance during crises times. 

Next, we examine whether the value of relationship and the incentive to maintain it varies 

across different clientele. Specifically, we investigate the role of wealth, religiosity, gender and 

marital status. On the one hand, it can be argued that banking relationship is more valuable for 

wealthier borrowers as they are more likely to re-use it in the future. On the other hand, these 

borrowers might assign less value to relationship banking given that they might have a better 

hard information. Therefore, we investigate whether the value relationship banking diminishes 

with wealth. The result of our analysis shows that wealth strengthens the relationship between 

prior banking relationships and loan performance suggesting that the value of banking 

relationship increases with wealth. 

The extant literature indicates that more religious individuals are often more socially inclined 

(Ellison, 1992; Dunfield, 2014; Anadriani and Sabatini, 2015; Tian, 2022). This social 

orientation may naturally strengthen their relationships with their banks. Accordingly, 

maintaining their banking relationships may carry particular significance for religious 

borrowers. Our results indicate that the influence of prior relationships on default avoidance 

increases with religiosity of the borrowers. 
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Since women face discrimination in access to credit (Bellucci et al., 2010; Alesina et al., 2013; 

Ongena and Popov, 2016), prior relationships can provide them greater access to loans 

compared to men (Abedifar et al., 2024). Consequently, one might expect banking relationships 

to be more valuable for female borrowers than male borrowers. However, given that men are 

often more likely to engage in future business dealings, they might also benefit significantly 

from strong banking relationships. To investigate this, we examine the intermediary effect of 

gender on the relationship between prior banking relationships and loan performance. Our 

findings indicate that this relationship is stronger for male borrowers relative to female 

borrowers, suggesting that banking relationships might offer more potential benefits for men.  

The potential benefits of banking relationships might depend on clients’ marital status. It can 

be argued that banking relationships is more valuable for married borrowers because the 

benefits of relationships could potentially extend to their spouses and dependents. This 

extension could encourage them to fulfill their financial commitments better than single 

borrowers. Our investigation, however, provides no evidence to support this claim.  

This study contributes to the existing literature on relationship banking in several ways. Our 

unique institutional setting enables us to investigate the role of the borrower’s incentives in 

loan repayment using a sample of borrowers who are subject to similar screening and 

monitoring processes. Our analysis provides strong evidence in support of the incentive 

channel brought up by Puri et al. (2017). We also extend Schoar’s (2012) research on the role 

of personal interaction of loan officers in loan performance by emphasizing the importance of 

prior banking relationship. 

This paper also contributes to the ongoing policy debate on the role of branch banking in the 

economy (Burgess and Pande, 2005; Agarwal and Hauswald, 2010; Bruhn and Love, 2014; 

Nguyen, 2019; Levine et al., 2020). While banks have been closing branches at an 

unprecedented pace, extensive research demonstrates the significant influence branches have 

on borrowers’ performance and behavior (Garmaise and Moskowitz, 2006; Bonfim et al., 2023; 

Benincasa, 2024). Our study further provides robust evidence to support this perspective. 

Additionally, we shed light on the role of banking relationship during the COVID-19 pandemic, 

which offers new insights into the dynamics of borrowers’ behavior during an economic 

turmoil. Finally, we demonstrate that the value of banking relationship varies across different 

customer segments. In particular, our findings suggest that banking relationship is more 

valuable for wealthier, more religious and male borrowers.  

The results of this study suggest that banks can increase borrowers’ incentives to avoid default 

by enhancing the value of relationship banking. This can be achieved by improving the 

reusability of relationship banking and emphasizing its long-term benefits. For instance, banks 

can reward borrowers with strong repayment histories by offering better loan terms, tiered 

loyalty benefits, and priority access to other financial services. These policies provide 

borrowers with greater incentives to maintain a positive track record with the banks. This aligns 
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with Padilla and Pagano (1997), who argue that banks can encourage borrowers to exert 

sufficient effort to properly implement their projects by committing to share credit information.  

The remainder of the paper is structured as follows: Section 2 outlines the unique institutional 

setting of our study. In Section 3, we detail the methodology employed to assess the impact of 

the relationship on borrowers’ incentives. Section 4 elucidates our data collection process and 

summary statistics. The findings of our analysis are presented in Section 5. To ensure the 

robustness of our findings, Section 6 presents a series of robustness checks. Section 7 provides 

further analysis of our study. Finally, Section 8 offers concluding remarks. 

2. Institutional Setting 

In this study, we exploit a very unique mortgage market setting under a specific regulation in 

Iran. According to this regulation, the housing bank issues mortgage papers to the market and 

individuals seeking mortgage loans must first acquire these papers from the market. 

Additionally, the bank is required to provide loans solely to individuals holding these mortgage 

papers, regardless of any prior relationship with them. 

In Iran, the singular banking institution designated for housing finance is “Maskan Bank”.3 

This bank provides mortgage loans under two distinct programs.4 The maximum value of 

mortgage loans under either program is equivalent to US$12,000.5 Repayment terms for both 

loan types span 12 years, with monthly installment payments. The programs are as follows: 

First Program: Maskan Bank periodically issues a predetermined quantity of mortgage papers, 

typically ranging between 1 and 4 million units. These papers mature two years after issuance, 

and are traded in the market. Individuals seeking loans are required to procure a certain number 

of papers via the limit order book system and subsequently submit them to Maskan Bank’s 

branches. Upon acquisition, individuals have the option to either utilize the papers to obtain a 

loan or sell them on the securities market.6 

As an example, consider that for every 5,000,000 Iranian Rials (equivalent to $25 during the 

study period), borrowers are required to acquire one paper from the market, with the market 

price sets at $5 per paper. Therefore, for a loan amounting to the equivalent of $10,000, 

applicants would need to purchase 400 papers from the market, incurring a total cost of $2,000. 

It is noteworthy that the market price of these mortgage papers fluctuates, with the average 

price standing at approximately $2.76, and a standard deviation of $0.78 throughout our 

investigation period (see Figure 1). The highest and lowest prices recorded are $4.31 and $1.94, 

 
3 Besides mortgage lending, Maskan Bank provides usual financial services such as deposit account services 

similar to commercial banks. 
4 It is worth noting that these loans are not securitized. 
5 During the study period, US$1 is – on average – equivalent to 200,000 Iranian Rials. 
6 It is notable that each client can get mortgage loan only once. 
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respectively. Consequently, while the official interest rate for mortgage loans typically remains 

at 17.5%, the effective rate fluctuates based on market demand for papers, ranging from 17.92% 

to 22.97%, with a historical mean of 20.41%.7 While the owners of mortgage papers retain the 

option to utilize them to secure loans or sell them in the market, buyers of mortgage papers are 

not allowed to resell them for a specified period, typically four months. This restriction serves 

to prevent market speculation and ensures that the prices of these papers primarily reflect the 

demand for housing loans. Figure 1 illustrates the monthly average price trends of these papers 

throughout the study period. 

[Insert Figure 1 About Here] 

The key feature of this regulation is that, regardless of clients’ credit risk history, the bank is 

compelled to provide mortgage loans to them if they acquire mortgage papers. This regulation 

ensures uniform lending practices by standardizing loan terms for all borrowers. Every 

borrower pays the same nominal interest rate (17.5%) over the same repayment period (144 

months), regardless of their credit risk. Furthermore, all borrowers – irrespective of whether 

they have any prior relationship with the bank – are subject to the same monitoring procedures. 

Upon reaching a 90-day delinquency period, the bank is mandated to reach out to the clients.8 

Subsequently, if payments remain overdue for 180 days, the bank commences the legal process 

to seize the collateral.9 By implementing uniform screening and monitoring processes across 

all customers, we can effectively isolate the impact of prior relationships with the bank on 

clients’ repayment behavior. 

Second Program: Prospective borrowers are required to deposit half of the loan amount into 

their bank accounts for a duration of one year, without accruing any interest, as a prerequisite 

for obtaining the loan. Notably, the official loan rate under this scheme stands at 8%.10 In this 

study, we will focus exclusively on the first program to investigate the borrowers’ incentive 

channel. 

It is worth noting that the repayment installments for both programs place considerable strain 

on Iranian households’ financial capabilities, given their income levels. Figure 2 below 

 
7 It is worth noting that Iran’s average inflation rate over the study period was approximately 30%. 
8 Based on our conversation with a loan officer at one of Maskan Bank’s branches, we can confirm that the bank 

does not differentiate its treatment of borrowers based on prior relationships. For example, the bank does not 

deduct installments from alternative accounts of borrowers with pre-existing relationships, nor does it give them 

advance notice of potential defaults. This contrasts with the previous literature, which suggests that relationship 

banks tend to offer financial flexibility to their borrowers, aiming to secure future business and maintain exclusive 

relationships (Degryse, Ioannidou and von Schedvin, 2016; Schäfer, 2019). 
9 Borrowers’ deposits in the bank are protected and cannot be used to settle the debt, thus the borrowers’ account 

balance does not affect the borrowers’ decision to default. 
10 Taking into account the 30% inflation rate during the study period, the effective loan rate escalates to 12%. 
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illustrates the installment-to-income ratio for Iranian households across diverse income 

brackets. 

[Insert Figure 2 About Here] 

3. Methodology 

In this section, we delineate the methodology used to investigate the impact of borrowers’ 

incentives on the probability of default based on a sample of borrowers with a prior relationship 

with the bank vis-à-vis those without a prior relationship. We estimate the following 

specification using the Linear Probability Model (LPM), probit, and logit: 

 P(Default)
i
 =  αi + β

1
 RelationshipDummy

i
+ β

2
 Characteristics

i
+ β

3
 RiskMeasuresi + ϵi (1) 

 

where i represents the borrower. 

In this model, the dependent variable is the borrower’s default occurrence within the full 

observation period11 after loan origination where default is defined as failure in repaying 

installments for three consecutive months. If the borrower records a default during the study 

period, Defaulti takes the value of one, and zero otherwise. On the right-hand side, we 

categorize independent variables into three distinct sets. The variable of our interest is the prior 

relationship (RelationsipDummy
i
), defined as a dummy variable that takes the value of one if 

the borrower i holds a savings or current account before obtaining the loan, and zero otherwise. 

The marginal effect associated with this variable provides a measure of the comparative 

probability of default between borrowers with a prior relationship and those without such a 

relationship. We control for borrower characteristics (Characteristicsi), including gender, 

marital status, occupation, and educational background. Lastly, we include variables in our 

model variables that indicate borrower and loan risks (RiskMeasuresi), such as loan-to-value 

ratio (Loan to Value), historical defaults in previous loans by borrowers (Default in Previous 

Loans), records of bounced checks (Bounced Check), and mortgage effective rate (Effective 

Rate). The standard errors are clustered at city level and are adjusted for heteroscedasticity and 

serial correlations.  

4. Data and Summary Statistics 

We collect proprietary data on mortgage loans, as well as borrowers’ characteristics and 

account features, from Maskan Bank, and compile two datasets. 

 
11 We also use different default horizons of 6-month and 12-month for the dependent variable as a robustness 

check in subsection 6.3.1. 
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The mortgage loan dataset is organized as a panel, tracking monthly repayment status of loan 

contracts issued between March 2019 and February 2021. This dataset includes key loan 

characteristics such as the mortgage origination date, the price of mortgage paper purchased by 

the borrower, loan amount, collateral value, number of paid installments, and details of the 

branch such as its name, code, and location (city) of the branch. Since borrowers acquire 

mortgage papers at different prices (as illustrated in Figure 1), we calculate the effective rate 

for each loan based on the loan interest rate (17.5%) and the mortgage paper price. 

The second dataset comprises borrowers’ characteristics and account features. Borrowers’ 

characteristics encompass a variety of attributes, such as gender, marital status, occupation, and 

education level.12 In addition to personal information, risk measures are also included in the 

borrowers’ characteristics dataset, which consist of whether the borrower has a recorded default 

on previous loans or a bounced check record at any bank in Iran. Account features include the 

type of account,13 monthly balance, and the dates of account opening and closing. The account 

opening date allows us to determine whether the borrower has a prior relationship with the 

bank. Specifically, the relationship indicator is set to one if the borrower has an existing savings 

or current account prior to applying for the loan, and zero otherwise. 

We merge the borrowers’ characteristics and account features dataset and the mortgage loan 

dataset, based on the hash code of borrowers’ National IDs presented in both datasets. The final 

dataset comprises loans and borrowers’ characteristics, and performance variables for 

approximately 180,000 mortgage loans initiated under the first mortgage lending program of 

Maskan Bank during the period from March 2019 to February 2021, with the first loan 

installment status observable in the data in April 2019. 

Since we are interested in the effect of a prior relationship on the risk of default, we exclude 

loans originated during the last two months of the dataset, as there is insufficient time to capture 

borrowers’ defaults. Furthermore, we drop mortgages with inadequate data, e.g., observations 

with records for only one or two months are excluded. The final sample comprises 149,230 

loans. Afterwards, we treat outliers by winsorizing (Chambers et al., 2000) the distribution at 

the 1% and 99% levels, which trims extreme values on both tails. 

4.1. Summary Statistics 

The summary statistics of our final dataset are presented in Table 1. For a detailed description 

of the variables, please refer to Appendix A1. 

 
12 It is important to note that the occupation and education level variables are represented by numerical codes, 

where each code corresponds to an occupational group or a specific level of education. However, the exact 

definitions or descriptions of these numerical codes are not provided in the dataset. Thus, we could only control 

for occupation and education level variables by including their fixed-effects. 
13 Account types in our dataset are classified into two main categories: savings and current accounts.  
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[Insert Table 1 About Here] 

As illustrated in Table 1, the variable related to prior relationships (RelationshipDummy) 

indicates that 65% of loan applicants do not have a savings or current account with Maskan 

Bank before applying for a mortgage loan. The variable representing relationship duration 

(RelationshipDuration) shows that the average duration of a relationship that a borrower has 

with Maskan Bank is 9.33 years among borrowers with prior relationships. Moreover, the 

default indicators reveal that around 25% (and 5%) of borrowers experienced at least one 

recorded default defined as a 3-Month Default (and 6-Month Default), respectively.14 Notably, 

the remaining borrowers exited the dataset without exhibiting any defaults.15 

The loan to value ratio (Loan to Value) is, on average, 34.56%, ranging between 4.13% and 

83.33%. The effective rate of loans (Effective Rate) averages 20.42% spanning from 17.91% 

to 22.97%, reflecting changes in demand for mortgage papers. 

Examining the risk indicators in our data, namely the recorded bounced checks of borrowers 

(Bounced Check) and previous loan default records (Default in Previous Loans), we find that 

approximately 3% of borrowers have at least one bounced check and 12% have at least one 

recorded default in their previous loan contracts. Lastly, the data shows that approximately 

58% of individuals in our dataset are male (Male), and 86% of them are married (Married). 

4.2. Covariate Balance 

Ensuring well-balanced covariates between borrowers with and without prior relationships is 

crucial to guarantee that the two groups of borrowers might also be similar in unobservables, 

and therefore, the results are not spurious. Adopting the methodology suggested by Imbens and 

Rubin (2015), we utilize three metrics to assess the overlap in covariate distributions: 

1) Normalized Difference: This measure is defined as the difference in means between the 

two groups, divided by the square root of the average of the variances of the two samples. 

Mathematically, it is expressed as: 𝛥𝑛𝑟,𝑟 = (𝜇𝑟  −  𝜇𝑛𝑟)/(√(𝜎𝑟
2 + 𝜎𝑛𝑟

2 )/2) , where 𝜇, 𝜎, r, and nr 

denote mean, standard deviation, the sample of borrowers with prior relationship, and the 

sample of borrowers without prior relationship, respectively. 

 
14 We define “6-Month Default” as a borrower’s failure to repay installments for 6 consecutive months. However, 

our main dependent variable in our analysis is “3-Month Default”, while we use “6-Month Default” as a robustness 

test in subsection 6.3.3. 
15 However, it is plausible that defaults occurred post-February 2021. These are known as “right-censored 

subjects”. We will address right-censored subjects in subsection 6.1.1 using the Cox model by formulating the 

log-likelihood function as a weighted combination of two components: the sample density of loans experiencing 

default within the study time and the survivor function representing the censored loans. 



9 

 

2) Dispersion Difference: This measure is defined as the logarithm of the ratio of the standard 

deviations of the sample of the borrowers with prior relationships to the sample of the 

borrowers without prior relationships. It is mathematically represented as: Γ𝑛𝑟,𝑟 = log (𝜎𝑟/𝜎𝑛𝑟). 

3) Coverage Frequency: This measure evaluates the degree of overlap between the two groups 

by assessing the proportion of borrowers without prior relationships (borrowers with prior 

relationships) units that have covariate values in the tails of the distribution of that covariate in 

the borrowers with prior relationship (borrowers without prior relationship) units. It is 

represented as: 𝜋𝑟
𝛼 = (1 − 𝐹𝑟(𝐹𝑛𝑟

−1(1 − 𝛼/2))) + 𝐹𝑟(𝐹𝑛𝑟
−1(𝛼/2)), where for the specific value of 

𝛼, 𝜋𝑟
𝛼   denotes the probability mass of the covariate’s distribution in the sample of the 

borrowers with prior relationships that is located outside the quantiles 1 − 𝛼/2 and 𝛼/2 of that 

covariate in the sample of the borrowers without prior relationships. This measure ensures that 

the tails of the covariate distribution in one group do not extend beyond the extreme values 

observed in the opposite group, and vice versa. 

Additionally, to evaluate the overall balance between the two samples, we estimate the 

propensity score (P-Score) and its log odds ratio (Linearized P-Score) using a logistic 

regression where the relationship indicator (RelationshipDummy) is regressed on both 

continuous and categorical covariates. By calculating the overlap measures, i.e. the normalized 

difference, dispersion difference, and coverage frequency for the estimated propensity scores, 

we can assess the balance between the two groups of borrowers. 

[Insert Table 2 About Here] 

As demonstrated in Table 2, the distributions of all variables are nearly identical between the 

two samples. The statistics for the normalized difference and dispersion difference for all 

variables are sufficiently close to zero. Additionally, the coverage frequency at the 95% level 

(α = %5) is also close to zero for all variables. The normalized difference, dispersion difference, 

and coverage frequency measures for P-Score in sample of the borrowers without prior 

relationship (with prior relationship) are 0.24, 0.10, and 0.05 (0.06), respectively. These 

statistics for the linearized P-score are 0.24, 0.10, and 0.05 (0.06). 

The balanced distribution of both individual covariates and the estimated propensity score 

(including the log odds ratio of the propensity score) ensures that the two sub-sample of 

borrowers are (hopefully) similar in unobservable factors, and our inference is not based on 

extrapolation due to a lack of corresponding borrowers in the other sample. 

5. Results 

In this section, we discuss the results of estimation of Equation (1) using LPM, probit, and logit 

estimation techniques as our statistical methods for exploring whether there is any linkage 
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between prior banking relationships and borrower’s incentives in payment of loan installments. 

The average marginal effects are presented in columns (1), (2), and (3) of Table 3, respectively.  

[Insert Table 3 About Here] 

Our main variable of interest, the RelationshipDummy, exhibits a negative effect across all 

three models, indicating that borrowers with pre-existing relationships with the bank are less 

likely to default on their loans compared to those without such relationships. Specifically, the 

average marginal effect of prior relationships, as reported in columns (1) to (3), is -0.0419, -

0.0423, and -0.0429, respectively, all of which are statistically significant at the 1% level. This 

indicates that having a prior relationship lowers default risk by about 4.2%, exclusively 

attributable to the borrower’s incentives. The impact is also economically meaningful given 

that the average default rate is 34.56%. The findings on borrowers’ characteristics – gender 

(Male) and marital status (Married) – exhibit insignificant coefficients across all three models.  

The results consistently indicate a significant positive association between the borrower’s risk 

measures – Loan to Value, Bounced Check, and Default in Previous Loans – and the probability 

of default across all models. Specifically, a one standard deviation increase in the Loan to Value 

ratio increases the probability of default by approximately 1%. The presence of at least one 

bounced check in borrower’s record history is associated with a substantial increase in default 

risk, raising it by 15.90%, 14.03%, and 14.13% in columns (1), (2), and (3), respectively. The 

average marginal effect of having a default history in previous loans (Default in Previous 

Loans) is shown to significantly increase the likelihood of default by 50.89%, 39.41%, and 

37.65% in columns (1), (2), and (3), respectively. The negative coefficient on the Effective Rate 

suggests that borrowers who purchase mortgage papers at higher prices exhibit a lower 

inclination to default, which aligns with expectations, as these borrowers likely have a stronger 

motivation to secure their mortgage. 

Comparing the average marginal effect of the RelationshipDummy with other variables reveals 

the substantial economic significance of having prior relationships. For instance, as shown in 

Table 3, the approximate 4% impact of prior relationships on default risk is notably more than 

the impact of Loan to Value. Specifically, one standard deviation increase in the Loan to Value 

only raises the default risk by 1%, highlighting the greater economic significance of 

maintaining prior relationships with the bank. However, the borrower’s history, particularly 

records of bounced checks (Bounced Check) and previous loan defaults (Default in Previous 

Loans), emerges as more economically significant, increasing the probability of default by an 

average of 14.68% and 42.65%, respectively, across all models. 

In summary, the findings derived from the estimations across the three columns consistently 

highlight that prior relationships between the borrower and the lender significantly reduces the 

borrower’s inclination to partake in moral hazard, thereby decreasing the likelihood of 

defaulting on the loan. These outcomes emphasize the protective function of pre-existing 
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relationships with the lending institution in reducing default occurrences, underscoring the 

value of relationship banking for borrowers. 

Our findings align with the research conducted by Schoar (2012), which shows that borrowers 

who receive heightened personalized engagement with the bank demonstrate significantly 

better loan repayment, characterized by decreased delinquency rates, fewer delinquency 

occurrences, and a delayed onset of initial default. Furthermore, Puri et al. (2017) exhibit a 

reduction in borrower’s incentives to default due to the perceived value of the relationship, a 

finding consistent with our results. The results also align with existing literature (Schäfer, 

2019), which indicates that borrowers strategically choose to default on banks that pose fewer 

consequences for them.  

6. Robustness Checks 

In this section, we conduct a battery of robustness tests. First, we use alternative estimation 

methods including Cox proportional hazard model as a semi-parametric survival analysis and 

machine learning estimation methods such as random forest, XGBoost, and neural network. 

Second, we address endogeneity concerns in three ways. We explore whether establishing 

relationship with Bank Maskan is mainly derived by geographical distance. This provides 

suggestive evidence that the assignment of relationship with the bank is exogenous to the 

individual characteristics. Next, we control for borrowers’ wealth, by using a sub-sample of 

borrowers domiciled in Tehran, to make sure that our results are not driven by differences in 

wealth. Last, we address the endogeneity concern by limiting the sample of individuals to those 

who already have relationships with Maskan Bank. This approach helps us exclude the 

possibility that our results are driven by unobservable differences between borrowers with prior 

relationships and those without. Third, we examine the robustness of our results using 

alternative default measures.  

6.1. Alternative Estimation Methods 

6.1.1. Survival Analysis 

In our baseline investigation, we employ LPM, probit, and logit regressions with the full 

observation period default horizon as the dependent variable. In this subsection, we use a 

different approach that seeks to examine how long it will take for a default to occur during the 

study period. We primarily employ the Cox proportional hazard model (Cox, 1972) for our 

analysis in this subsection to tackle and overcome the right-censorship in data. 

Cox proportional hazard regression is particularly suited for analyzing time-to-event data. It is 

a widely adopted technique to explore the hazard rates of loan default among borrowers (e.g. 

Ongena and Smith, 2001; Baele et al., 2014; Agarwal et al., 2018). By estimating hazard ratios, 

we can assess the impact of various factors on default risk, providing valuable insights into the 
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determinants of loan default behavior among borrowers. We follow the extant literature, and 

adopt the following specification: 

  h(t|x) = h0(t).exp(β
1
 RelationshipDummy

i
+β

2
 Characteristicsi+β

3
 RiskMeasuresi)  (2) 

where i represents the borrower. 

This semi-parametric model allows for a non-parametric baseline hazard rate as well as 

potentially time-varying explanatory variables. In this model, the dependent variable is time-

to-default where default is defined as failure in repaying installments for three consecutive 

months. Similar to Equation (1), our main variable of interest is the RelationshipDummy
i
. The 

hazard ratio associated with this variable provides a measure of the comparative default risk 

between borrowers with a prior relationship and those without such a relationship. The control 

variables are the same as those used in Equation (1). 

Full repayment of a loan or the conclusion of the sample period can result in the absence of 

default observation for that particular loan. In the latter case, such loans are considered “right-

censored”, as whether the borrowers ultimately default on them remains unknown. In the 

presence of right-censoring, accurately estimating the time to default becomes problematic and 

failure of controlling for right censoring can result in biased and inconsistent estimates of the 

model parameters. To tackle this issue, right-censored observations could be incorporated in 

the estimation by formulating the log-likelihood function as a weighted combination of the 

sample density of loans experiencing defaults in the study period, and the survivor function 

representing the right-censored loans. This approach ensures that both defaulted and censored 

loans contribute to the estimation process, yielding consistent parameter estimations. 

Based on the information about the loan’s initial installment date and the monthly loan 

performance, we construct a survival data where the loan contract date marks the initial time 

point and the occurrence of the first loan default represents the event of interest. Each individual 

(borrower) is enrolled and followed for a specified duration, denoted as the subject’s follow-

up period. According to our dataset, the shortest follow-up period until the first default is 

observed at three months, whereas the longest duration until a borrower defaults for the first 

time is 23 months post-loan acquisition (see Table 4). As indicated in Table 4, a total of 109,706 

borrowers had no default incidents during their follow-up period, with an average duration of 

11.6 months. However, 39,524 borrowers had at least one default incident during their follow-

up period, with an average duration of 6.75 months. 

[Insert Table 4 About Here] 

To gain a preliminary understanding of the dataset, Figure 3 depicts the time-to-event follow-

up periods for a random sample of 50 borrowers, indicating whether they default or depart the 

study window with a clean payment record. As we can see in Figure 3, all subjects remain in 

the dataset until the conclusion of the period unless a default event is recorded. This suggests 
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that the sole reason for right censoring in our dataset is the conclusion of the study period. It is 

also important to highlight that our survival data exclusively demonstrates right censoring, with 

no instances of left or interval censoring, as we consistently observe loans originated after 

March 2019 on a monthly basis without any missing data points during the borrowers’ follow-

up period. Additionally, there are no truncations in our data. It is important to note that while 

this figure showcases only a small sample of our data, the aforementioned characteristics hold 

for the entire dataset. 

[Insert Figure 3 About Here] 

An intriguing aspect of the data is the duration until the first default. The data reveals that the 

highest number of defaults happens between 3 and 4 months after the borrower acquires the 

loan, afterwards, the frequency of first defaults decreases as time passes. Figure 4 presents a 

histogram for the two groups of borrowers, one who have a default during the study time and 

one who leave the study period without any defaults. It is evident that there are relatively few 

borrowers who manage to avoid default as time elapses. The majority of these borrowers 

remain in the dataset for 11 to 13 months before they exit the study window.  

[Insert Figure 4 About Here] 

Table 5 presents the results of our analysis. In column (1), we focus solely on the variable of 

interest, the RelationshipDummy, which is included as the explanatory variable. In column (2), 

we expand the model by introducing control variables that capture borrowers’ characteristics, 

such as gender (Male) and marital status (Married), as well as fixed effects for job and 

education. Finally, in column (3), we further enhance the analysis by including additional 

variables that control for borrowers’ risk measures, specifically Loan to Value, Bounced Check, 

Default in Previous Loans, and Effective Rate. 

The hazard ratios for RelationshipDummy are 0.818, 0.844, and 0.804, as reported in columns 

(1), (2), and (3) of Table 5, respectively, all of which are statistically significant at the 1% level. 

These ratios indicate that borrowers who have a savings or current account before the mortgage 

origination date have hazard rates that are 18.2% (= 1 - 0.818), 15.6% (= 1 - 0.844), and 19.6% 

(= 1 - 0.804) lower than those of borrowers without such a relationship. These findings re-

affirm the robustness of our previous results from LPM, probit, and logit regressions, 

highlighting that maintaining a prior relationship with the bank serves as a protective factor 

against default risk. 

[Insert Table 5 About Here] 

The findings on the control variables consistently reveal a positive association between default 

and factors such as Loan to Value, Bounced Check, and Default in Previous Loans across all 
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models. In contrast, the hazard ratio of Effective Rate exhibits a decreasing effect on default 

risk. These results are qualitatively consistent with those observed in the main model, 

reaffirming the significance of these risk measures. On the other hand, control variables like 

Male and Married exhibit insignificant coefficients in column (3), aligning with our main 

findings. 

While the results of Cox model present promising findings, it is imperative to verify whether 

the hazard ratios maintain proportionality over time. This assessment is critical to bolster our 

confidence in the validity and reliability of our conclusions. Thus, we investigate whether the 

proportional hazards assumption holds (Hosmer et al., 2008). This assumption posits that the 

hazard ratios for the covariates remain constant over time, while the hazard rates are allowed 

to vary over time. Violation of this assumption in Cox regression analysis can result in biased 

estimates (Kuitunen et al., 2021). Our tests confirm that the proportional hazards assumption 

holds.16 The results of our tests are reported in Appendix A2. 

Overall, the consistent findings of the Cox model provide robust evidence of the relationship 

between borrower’s prior relationships and default behavior, enhancing the validity and 

reliability of our previous results. 

6.1.2. Machine Learning Methods 

In this subsection, we extend our analysis by applying machine learning techniques to estimate 

the primary model specified in Equation (1). We utilize machine learning models – specifically, 

random forest (Breiman, 2001; Khandani et al., 2010), XGBoost (Chen and Guestrin, 2016), 

and neural networks (Ciampi et al., 2013) – which have demonstrated success and popularity 

in predictive tasks. Following the methodology of Fuster et al. (2022), we employ these models 

to assess their predictive power and robustness in estimating default risk compared to the logit 

model.17 

We begin by estimating all four models – logit, random forest, XGBoost, and neural network 

– using a portion of our full dataset, designated as the training set. To evaluate the models’ 

performance, we use a separate test set. Specifically, 70% of the dataset is randomly selected 

for training, while the remaining 30% is reserved for testing. This random sampling is 

performed across all loans, ensuring that the division between training and test sets is 

independent of all characteristics. 

Within the training set, we further split the data into two subsets. The first subset, representing 

70% of the training data, is used to estimate all models and train the machine learning models. 

 
16 We use the tests such as: comparison of observed and predicted survival curves (Cleves et al., 2008), checking 

parallelness of log-log survival curves, checking parallelness of adjusted log-log survival curves, and graphical 

test of scaled Schoenfeld residual (Schoenfeld, 1982; Grambsch and Therneau, 1994). 
17 For a comprehensive discussion on these models, please refer to the studies by Khandani et al. (2010), Breiman 

(2001), Fuster et al. (2022), and Ciampi et al. (2013). 
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The second subset, which comprises the remaining 30% of the training data and is referred to 

as the calibration sample, is utilized to apply isotonic regression. This step refines the predicted 

class labels from the machine learning models into calibrated probabilities. By employing this 

approach, we ensure that both the traditional and machine learning models are based on an 

equivalent amount of data for estimating default probabilities. Appendix A3 presents our 

evaluations of the models’ performance.  

Unlike the logit model, which allows for straightforward interpretation of marginal effects due 

to its parametric nature, machine learning models such as random forest, XGBoost, and neural 

networks are inherently non-parametric. This non-parametric nature introduces complexity in 

understanding direct marginal effects, as these models capture intricate, non-linear interactions 

between features. Consequently, while interpreting direct marginal effects is challenging, we 

analyze the change in the probability of default by evaluating the impact of switching dummy 

variables from zero to one and assessing the effect of a one-unit change in continuous variables 

from their mean values. This approach enables us to compare the results of machine learning 

models with those from our main logit regression. 

Table 6 presents the impact of various features on the probability of default. Notably, the 

marginal effects of RelationshipDummy are -3.23%, -3.95%, and -3.80% for random forest, 

XGBoost, and neural network models, respectively. These effects are consistent with our 

primary findings, which underscores the robustness and reliability of our results. This 

consistency generally extends to other features as well, with the exception of Loan to Value. 

While the neural network model’s results align with our main logit model, both random forest 

and XGBoost models exhibit a negative effect for Loan to Value, contrasting with the positive 

effect observed in logit model. 

[Insert Table 6 About Here] 

6.2. Endogeneity Concerns 

6.2.1. Random Assignment of Relationship with Maskan Bank 

To ensure that the borrowers with prior relationships with Maskan Bank are not systematically 

different from those without relationships, we explore whether the assignment of the 

relationships can be considered almost random. Specifically, we test whether borrowers’ 

proximity to Maskan Bank branches influences their likelihood of having prior relationships. 

If the distance to the bank is a significant factor in determining a borrower’s relationship, this 

would support the notion that the relationship assignment is exogenous to the borrower’s 

characteristics. In this analysis, we examine the geographical distance between a borrower’s 

residence and the nearest Maskan Bank branch and its impact on the likelihood of having a 

pre-existing relationship. The idea is that borrowers living closer to Maskan Bank branches are 

more likely to engage with the bank simply due to convenience, rather than any inherent 
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characteristics or selection biases.18 This approach allows us to demonstrate that the prior 

relationships are likely the result of geographical factors, not selective treatment, thus 

supporting the almost random assignment of relationships. 

We follow two approaches to analyze the link between having banking relationships and 

geographical distance between borrowers and Maskan Bank branches: (i) we count the number 

of Maskan Bank branches within circles of varying radii centered on the borrowers’ 

neighborhoods, identified by their 5-digit ZIP codes, and (ii) we calculate the average distance 

to the k nearest branches. We use Google Maps to identify the geographic coordinates of each 

bank branch, as listed on the banks’ websites. In Tehran, there are 32 operating banks, each 

with branches distributed throughout the city. The total number of bank branches in Tehran is 

1,686, with 84 branches of Maskan Bank. Figure 5 illustrates the distribution of Maskan Bank 

branches in Tehran.  

[Insert Figure 5 About Here] 

Table 7 presents the distribution of bank branches (Maskan Bank and other banks) within 

varying radii (500, 1000, 1500, and 2000 meters) centered on borrowers’ neighborhoods center. 

On average, borrowers have 0.20, 0.71, 1.41, and 2.38 Maskan Bank branches within 500, 

1000, 1500, and 2000 meters, respectively. In contrast, there are significantly more branches 

of other banks, with an average of 2.97 branches within 500 meters, increasing to 41.56 

branches within 2000 meters. This disparity highlights the relatively lower density of Maskan 

Bank branches compared to other banks in the borrowers’ vicinity. 

[Insert Table 7 About Here] 

We first examine the effect of having additional Maskan Bank branches in the vicinity of a 

borrower’s residence on the likelihood of having prior relationships with Maskan Bank. To do 

this, we define a variable that represents the number of branches within a circle centered on the 

borrower’s 5-digit ZIP code center, with radii of 500, 1000, 1500, and 2000 meters. We then 

regress the RelationshipDummy on the number of nearby Maskan branches (NMBi) and other 

borrower characteristics. These characteristics include gender, marital status, record of default 

in previous loans and bounced checks, job, and education, using the following logit regression 

model:19 

 
18 We acknowledge that neither borrower nor bank branch locations are entirely random. However, most Maskan 

Bank branches have been in the same location for an extended period, making it unlikely that borrowers choose 

their residence solely based on proximity to Maskan Bank branches. Therefore, within a certain radius, the 

distance between a branch and a borrower can be reasonably considered fairly random. 
19 For the sake of simplicity, we only report the results of logit regression. We confirm that we find similar results 

when we use LPM and probit regressions in the present subsection. 
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  P(RelationshipDummy
i
) = β

0
+ β

1
.NMBi + β

2
.Characteristicsi + ϵi (3) 

The results presented in Table 8 reveal a statistically significant positive relationship between 

the number of nearby Maskan Bank branches and the likelihood of a borrower having a prior 

relationship with the bank. In all four models (using the four different radius circles), the 

coefficient on the number of Maskan Bank branches is positive and significant at the 1% level. 

Specifically, for the 500m circle, the presence of an additional branch increases the likelihood 

of a prior relationship by 2.15%. As the radius expands to 1000m, 1500m, and 2000m, the 

effect slightly decreases, with coefficients of 0.0131, 0.0136, and 0.0127, respectively. This 

suggests that the proximity of Maskan Bank branches is a crucial factor in the formation of 

prior relationships with borrowers, emphasizing that geographic distance plays a significant 

role in relationship assignment. 

[Insert Table 8 About Here] 

Instead of using the number of nearby Maskan Bank branches, we also examine the effect by 

employing another variable (MBDi), which determines the average distance to the k nearest 

branches, where k belongs to the set {1, 2, 3, …, 10}. We define MBDi as: 

𝑀𝐵𝐷𝑖 ≡
∑ (𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑡𝑜 𝑡ℎ𝑒 𝑗𝑡ℎ 𝑁𝑒𝑎𝑟𝑒𝑠𝑡 𝑀𝑎𝑠𝑘𝑎𝑛 𝐵𝑟𝑎𝑛𝑐ℎ)𝑖

𝑘
𝑗=1

𝑘
    (4) 

Table 9 provides summary statistics for the distance between borrowers’ neighborhoods and 

the nearest bank branches, including Maskan Bank and other banks. On average, the distance 

to the nearest Maskan Bank branch is 1,287.32 meters, while the average distance to the 10 

nearest branches increases to 3,519.98 meters. The results indicate that Maskan Bank branches 

tend to be located farther from borrowers’ neighborhoods compared to other banks, 

highlighting the relatively lower accessibility of Maskan Bank services. 

[Insert Table 9 About Here] 

We run Equation (3) again except we substitute NMBi with MBDi variable. This approach 

allows us to analyze how varying distances to the closest Maskan Bank branches impact the 

likelihood of borrowers establishing prior relationships with the bank, providing a more 

nuanced understanding of the influence of geographic proximity on relationship formation. 

The results displayed in Table 10 reveal a statistically significant negative relationship between 

the distance to the nearest Maskan Bank branch (MBD) and the likelihood of a borrower having 

a prior relationship with the bank. In all columns, the coefficient for the distance to the nearest 

branches is negative and significant at the 1% level. The coefficients range from -0.0018 to -
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0.0021 as we consider the average distance to the nearest branch up to the ten nearest branches. 

This indicates that as the distance to the Maskan Bank branch increases, the likelihood of 

establishing a prior relationship decreases.  

 [Insert Table 10 About Here] 

In addition to our logit regression analysis, we employ the machine learning method of random 

forest to assess the feature importance of each variable, especially the borrowers’ distance to 

the Maskan branches, in predicting whether a borrower has a prior relationship with Maskan 

Bank. By analyzing the importance scores generated by the model, we identify which factors, 

including the distance to Maskan branches, gender, marital status, and prior loan defaults, 

significantly influence the likelihood of borrowers establishing a relationship with the bank. 

[Insert Figure 6 About Here] 

The results from the random forest analysis, as shown in Figure 6, reveal the feature importance 

scores for predicting whether a borrower has a prior relationship with Maskan Bank. The most 

significant predictor is the Distance to Maskan Branch (MBD), with an importance score of 

0.835, indicating that the distance to branch plays a crucial role in determining borrower 

relationships. Following MBD, Job has a much lower importance score of 0.081, suggesting 

that it also contributes to the prediction but to a significantly lesser extent. Other features, such 

as Education (0.057) and Gender (0.009), demonstrate even lower levels of importance. The 

variables Marital Status (0.006), Default in Previous Loans (0.005), and Bounced Check 

(0.004) have minimal impact on the model’s predictions. These findings underscore the 

dominance of proximity to Maskan Bank branches in influencing borrowers’ relationships with 

the bank. 

The presence of other banks branches in the vicinity of borrowers’ neighborhoods is also an 

important issue which can affect on the borrowers’ decision for having relationship with 

Maskan Bank. To assess this case, we introduce a ratio (DRi) defined as follows: 

 𝐷𝑅𝑖  ≡  
(𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑡𝑜 𝑡ℎ𝑒 𝑁𝑒𝑎𝑟𝑒𝑠𝑡 𝑀𝑎𝑠𝑘𝑎𝑛 𝐵𝑟𝑎𝑛𝑐ℎ)𝑖

(𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑡𝑜 𝑡ℎ𝑒 𝑘 𝑁𝑒𝑎𝑟𝑒𝑠𝑡 𝑂𝑡ℎ𝑒𝑟 𝐵𝑎𝑛𝑘𝑠 𝐵𝑟𝑎𝑛𝑐ℎ𝑒𝑠)𝑖
   (5) 

where k ∈ {1, 2, 3, …, 10}. We hypothesize that an increase in the distance to Maskan Bank 

branches or a decrease in the distance to other banks’ branches will lead to a lower probability 

of borrowers establishing a relationship with Maskan Bank. Consequently, we run Equation 

(3) again, substituting NMBi with the DRi ratio. 

[Insert Table 11 About Here] 
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The results presented in Table 11 illustrate a statistically significant negative relationship 

between the distance ratio (DR) and the likelihood of borrowers having a prior relationship 

with Maskan Bank. The coefficient on DR consistently indicates a significant negative impact, 

with estimates ranging from -0.0021 for k = 1 to -0.0079 for k = 10. This suggests that as either 

the distance to the nearest Maskan branch increases or the distance to the other banks’ branches 

decreases, the probability of establishing a prior relationship with Maskan Bank declines. 

We also employ the random forest to assess the feature importance of variables, particularly 

focusing on the DR, in predicting whether a borrower has a prior relationship with Maskan 

Bank. The results as illustrated in Figure 7 show that DR is the most important predictor, with 

importance scores ranging from 0.8306 to 0.8415 across different models with different values 

of k. In comparison, other variables such as Job (0.0797 to 0.0879), education (0.0528 to 

0.0586), and Gender (0.0082 to 0.0091) show significantly lower importance scores. Marital 

Status and other historical variables, such as Bounced Checks and Defaults in Previous Loans, 

exhibit even smaller importance values. 

[Insert Figure 7 About Here] 

6.2.2. Controlling for Borrower’s Wealth 

To ensure the robustness of our findings, it is essential to account for the potential influence of 

borrower’s wealth on the link between prior relationships and default behavior. Specifically, 

there may be a correlation between having prior relationships with Maskan Bank and 

borrower’s wealth, which could affect the coefficient on the RelationshipDummy. In this 

subsection, we utilize the average home price per square meter in the borrowers’ 

neighborhoods at the time of loan origination as a proxy for wealth. The assumption is that 

individuals living in more expensive areas tend to be wealthier.  

We use data on housing prices per square meter in Tehran, with accuracy based on the first 6-

digit ZIP code, as illustrated in Figure 8.20 This data is reported monthly by the Ministry of 

Roads and Urban Development.21 Average home prices per square meter in Tehran range from 

$250 to $1,450 (see Appendix A4 for more details on home prices).22 We merge this data with 

our main dataset using the 5-digit ZIP code23 variable, which represents the borrowers’ 

neighborhoods at the time of loan origination. 

 
20 The analysis in this subsection is limited to mortgage loan data for Tehran because home price data is only 

available for this city. Hence, we are unable to use home prices to control for wealth in our main analysis. 
21 https://www.mrud.ir/en/ 
22 The data on the size of borrowers’ homes is not available to compute the home value. 
23 Our dataset includes the 5-digit ZIP codes of the borrowers’ locations. Since the home price data is at 6-digit 

ZIP code level, we calculate the average home prices per square meter at 5-digit ZIP code to make it compatible 

to our main dataset. 
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[Insert Figure 8 About Here] 

The results for the RelationshipDummy variable, presented in Table 12, are consistent with our 

main findings. The negative coefficient across LPM, probit, and logit models remains 

statistically significant at the 1% level, indicating that borrowers with prior relationships are 

less likely to default. The magnitude of the effect is slightly increased, with marginal effects of 

approximately -4.4% across all models, which is only marginally different from the results in 

the main analysis. This consistency reinforces the robustness of the borrower’s incentive 

channel, even when accounting for borrower’s wealth. 

[Insert Table 12 About Here] 

6.2.3. The Sample of Borrowers with Prior Relationships  

One might argue that the results are driven by the potential differences between borrowers with 

and without relationships. To tackle this concern, we study the sub-sample of borrowers who 

already have a prior relationship. Consequently, we replace our variable of interest, i.e. 

RelationshipDummy, to the duration of relationships (measured in years) commencing from 

the opening of an account with the bank and ending with the origination of the loan 

(RelationshipDuration). This allows us to measure the effect of an additional year of 

relationship on borrowers’ incentives to avoid defaults merely among those with existing 

relationships. The results of LPM, probit, and logit regressions are presented in Table 13, 

columns (1) to (3), respectively. The coefficient on RelationshipDuration is statistically 

significant in all three columns. The results indicate that each additional year of relationship 

reduces the probability of default for about 0.22%, 0.20%, and 0.22%, respectively.  

[Insert Table 13 About Here] 

6.3. Alternative Default Measures 

6.3.1. Alternative Default Horizons 

Our primary analysis uses a binary dependent variable to indicate whether a borrower defaults 

within the full observation period following loan origination, with default defined as the failure 

to repay installments for three consecutive months. To explore the robustness of our findings, 

we consider alternative default horizons. Specifically, we re-define the dependent variable to 

capture defaults occurring within 6-month and 12-month periods post-loan origination, again 

defining default as a failure to make payments for three consecutive months. We re-estimate 

Equation (1) with the same explanatory variables, but using the alternative definitions of 

dependent variable to examine the impact of different time frames on our results. 
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[Insert Table 14 About Here] 

Table 14 presents the results for default horizons of 6-month and 12-month periods. As shown 

in columns (1) to (6), the average marginal effects of having prior relationships are significantly 

negative across both horizons, suggesting that borrowers with prior relationships consistently 

have less incentives to default. Specifically, within the 6-month period after loan origination, 

borrowers with prior relationships show a reduced likelihood of default by -3.33%, -3.02%, 

and -2.89% in the LPM, probit, and logit models, respectively, compared to those without such 

a relationship. Similarly, the impact of prior relationships on default within a 12-month period 

is -4.88%, -3.02%, and -2.89% in the LPM, probit, and logit models, respectively. These results 

align closely with our findings when considering the full observation period for default, 

reinforcing the robustness of prior relationships as a protective factor against default. 

The coefficients on the control variables are qualitatively similar to the main results except for 

the Loan to Value which exhibit a significantly negative relationship with the probability of 

default in columns (4), (5), and (6), where we consider 12 months period for default horizon.  

6.3.2. Alternative Measure of Relationship 

It can be posited that the duration of a borrower’s relationship with a bank holds substantial 

sway over her motivation to fulfill installment payments. For example, clients with lengthy 

history of engagement with a bank might demonstrate heightened allegiance and wield greater 

bargaining power. Consequently, they may prioritize nurturing a positive rapport with the bank, 

thereby demonstrating increased diligence in avoiding defaulting on their obligations. To delve 

deeper into this notion, we undertake a robustness assessment by substituting the binary 

relationship indicator with a continuous variable representing the duration of the borrower’s 

affiliation with the bank. 

This analytical approach enables us to probe whether the depth or duration of the relationship 

exerts a noticeable impact on default tendencies, furnishing nuanced insights into the 

underlying intricacies of borrower-bank interactions. Consequently, we RelationshipDuration 

instead of RelationshipDummy in our regressions.  

[Insert Table 15 About Here] 

Based on the findings presented in Table 15, it is evident that each additional year of 

relationship with the bank corresponds to a decrease in default risk in all estimation methods. 

The models suggest that a one-year increase in the relationship duration decreases the risk of 

default by about -0.32%, -0.31%, and -0.33% in LPM, probit, and logit, respectively. These 

effects are larger than the results in Table 13 which is because of including the borrowers 
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without prior relationships in this subsection.24 This underscores the importance of the depth 

of the borrower-bank relationship in influencing the borrower’s inclination to avoid default. 

The result is also consistent with Fiordelisi et al. (2014), which highlights the benefits of longer 

bank-borrower relationships in reducing the probability of default. 

6.3.3. Weak-Default vs Hard-Default 

In our initial analysis, default is defined as being delinquent for 90 days in repayment, denoted 

as “weak-default”. This criterion entails marking the failure event when borrowers have 

surpassed a 90-day period without making any repayments on their loans. An alternative metric 

for default, termed “hard-default”, stipulates default as occurring after 180 consecutive days 

without any repayments (Puri et al., 2017). To ensure the reliability of our results, we adjust 

the dependent variable to the hard-default definition and re-estimate Equation (1). This method 

enables us to evaluate the consistency of our findings with a different default definition and 

validate the robustness of our primary results. Furthermore, it allows for a deeper understanding 

of borrowers’ behaviors concerning the two distinct types of defaults: weak-default and hard-

default. 

[Insert Table 16 About Here] 

As shown in Table 16, borrowers with a pre-existing relationship demonstrate a significant 

disincentive toward hard-default. Specifically, the average marginal effect of having prior 

relationships (RelationshipDummy) suggests that the risk of default is approximately 1.64% to 

1.73% lower for borrowers with relationships compared to those without. These results are 

qualitatively similar to our main results when we use weak-default as the dependent variable; 

however, it indicates that prior relationships exert a more significant economic impact on 

preventing weak-defaults compared to hard-defaults. 

7. Further Analysis 

7.1. COVID-19 Lockdown and Relationship Banking 

The COVID-19 pandemic and subsequent lockdowns brought about unprecedented challenges 

for households worldwide, causing an exogenous income shock (Bruce et al., 2022). Such an 

unforeseen income shock has significant implications for borrowers’ ability to meet their loan 

obligations. Previous studies indicate a surge in loan defaults in the immediate aftermath of the 

COVID-19 lockdown (Nigmonov and Shams, 2021). Our sample presents a similar trend. In 

 
24 Inclusion of borrowers without prior relationships in the sample magnifies the effects, as having prior 

relationships alone emerges as a significant factor in shaping a borrower’s incentives. 
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Iran, the lockdown began in March 2020. Figure 9 shows the trend in the number of defaults 

each month, spanning 11 months prior to the lockdown period until 11 months thereafter.  

[Insert Figure 9 About Here] 

As we can see, following the onset of the lockdown in March 2020, there is a notable increase 

in defaults. This sharp rise reflects the financial strain experienced by borrowers due to 

pandemic-related disruptions to household income and economic activity. However, as time 

progresses beyond the initial shock period, there is a gradual decline in defaults, suggesting a 

diminishing trend in default rates. This decrease may signify a partial recovery or adaptation 

of borrowers to the new economic realities imposed by the pandemic. 

Within the realm of banking, the role of pre-existing relationships between borrowers and 

financial institutions during such crises is unclear priori. Indeed, there are two competing 

hypotheses: 

Positive Effect: Borrowers may perceive their pre-existing relationships with the bank as 

valuable assets during the pandemic. They may strive to preserve these relationships, 

anticipating potential future benefits in accessing financial support if the crisis worsens. This 

perspective suggests that borrowers with established relationships may be more inclined to 

honor their loan commitments despite the financial difficulties induced by the pandemic. 

No Effect: Conversely, pre-existing relationships might not significantly influence borrowers’ 

default decisions during the pandemic lockdown. Borrowers facing financial distress may view 

the crisis as a justification for defaulting, regardless of their relationship status with the bank. 

This perspective implies that the impact of relationship banking on loan default behavior 

remains negligible in the face of severe economic disruptions.  

To empirically examine the influence of pre-existing relationships on loan default behavior 

during the COVID-19 lockdown, we conduct an event-study to incorporate the pandemic’s 

temporal dynamics.25 The regression model takes the following form with the same explanatory 

variables in Equation (1), except that we include the interaction term between 

RelationshipDummyi and month dummies (Tt): 

 
P(Default)it = β

0
+ ∑  β

1t
Tt + β

2
 RelationshipDummy

i
+

t=23

t=0

∑ β
3t
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i
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t=23

t=0
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+ ∑ β
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 RiskMeasuresit+ ϵit

t=23

t=0

t=23

t=0

 

 
25 We use a linear probability model in this subsection. Also, we estimate the model using probit and logit 

regressions; however, for the sake of simplicity we only report the results of LPM regression. We confirm that we 

find similar results when we use probit and logit regressions. 
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where i and t represent borrower and time, respectively. 

In this regression, Tt represents a vector of dummy variables for month 𝑡. It begins from 2019-

04 and ends in 2021-02. The benchmark time is the beginning of the quarantine in March 2020. 

By incorporating the interaction term between RelationshipDummy
i
 and Tt, we aim to elucidate 

the nuanced dynamics of relationship banking amidst the COVID-19 lockdown, shedding light 

on its implications for borrower default behavior. 

First, we examine whether a parallel trend exists in the default behavior of borrowers with prior 

relationships and those without, before the inception of the lockdown in March 2020. Figure 

10 indicates that all coefficients on the interaction term for the period after June 2019 and prior 

to March 2020 are statistically insignificant, confirming the parallel trend assumption. 

[Insert Figure 10 About Here] 

The graph also reveals an interesting trend amid the overall increase in loan defaults during the 

three months following the lockdown: borrowers with prior relationships with the bank exhibit 

significantly lower default rates compared to those without such relationships. This finding 

suggests that maintaining pre-existing relationships may mitigate default risk during periods of 

economic uncertainty and financial distress. 

7.2. The Role of Wealth in Maintaining Banking Relationship   

We demonstrate that borrowers tend to pay mortgage installments to preserve the relationship 

that they have built with the bank. The value of the relationship may depend on its reusability. 

Hence, borrowers who are more likely to use their banking relationship in the future may have 

a greater incentive to avoid default. In this context, we investigate the role of borrowers’ wealth 

in loan performance, comparing those with a prior relationship to those without one. On the 

one hand, wealthier borrowers may place less value on the banking relationship because they 

possess strong “hard” information that can support their future credit applications (Liberti and 

Petersen, 2019). On the other hands, such borrowers may attach more value to the relationship 

because they are more likely to use it in the future, given they may have a greater and wider 

range of opportunities. 

Our aim is to examine the value of relationship among borrowers with different levels of 

wealth.26 We estimate the following regression model for our analysis using logit model:27 

 P(Default)
i
 =  αi + β

1
 RelationshipDummy

i
+ β

2
 HomePricei  

(7) 
 + β

3
(RelationshipDummy

i
 × HomePricei) + β

4
 Characteristics

i
+ β

5
 RiskMeasuresi + ϵi 

 
26 The analysis is limited to mortgage loan data for Tehran because home price data is only available for this city. 
27 We also estimate the model using LPM and probit regressions; however, for simplicity, we report only the 

results of logit regression. We confirm that the results are similar when using LPM and probit regressions. 
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where i represents the borrower. 

We define Default as a function of a dummy variable indicating prior relationships with the 

bank (RelationshipDummyi), home price (HomePrice), the interaction term between these two 

variables (RelationshipDummyi × HomePricei), and the control variables used in our main 

analysis (represented by Characteristicsi and RiskMeasuresi). The interaction term is our 

variable of interest.  

Figure 11 display the results. The marginal effects of prior relationships at different home 

prices are statistically significant at the 1% level (please refer to Appendix A5 for more 

details).28 The results indicates that borrowers with higher wealth – those in more expensive 

neighborhoods – have stronger incentives to avoid default. The marginal effects range from -

2.85% to -9.31%. This implies that the default probability of the borrowers – with a prior 

relationship with the bank – living in a neighborhood with an average home price per square 

meter of $250 ($1,450) is 2.85% (9.31%) less than the default probability of the borrowers 

without such a relationship living in the same neighborhood.  

[Insert Figure 11 About Here] 

Overall, the analysis reveals a geographic disparity in the borrowers’ incentive channel. 

Borrowers residing in Tehran’s wealthier districts (the upper regions of the city as shown in 

Figure 12) demonstrate a stronger response to the potential benefits of maintaining a 

relationship with the bank. This reinforces the notion that the incentive to avoid default is 

heterogeneous across wealth levels. 

[Insert Figure 12 About Here] 

7.3. The Role of Religiosity in Maintaining Banking Relationship   

In this subsection, we explore the role of borrowers’ religiosity in influencing their incentives 

to maintain their prior relationships with the bank. According to the literature, more religious 

individuals are often found to be more socially oriented (Ellison, 1992; Dunfield, 2014; 

Anadriani and Sabatini, 2015; Tian, 2022), placing a higher value on personal interactions and 

community connections. This social inclination can enhance personal interactions and 

accordingly strengthen the relationship with their bank.  

To analyze the effect of religiosity on borrowers’ incentives to avoid default, we utilize a proxy 

measure (mosque density) for religiosity similar to Okulicz-Kozaryn (2015) and Cau et al. 

 
28 Additionally, the difference between the marginal effects at different home prices are statistically significant 

at the 1% level. 
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(2018),29 as direct data on borrowers’ religious practices is unavailable. Specifically, we 

calculate the number of mosques inside circles with radii of 200m, 300m, 400m, 500m, and 

600m around the center of each borrower’s neighborhood,30 identified by their 5-digit ZIP code 

(please see Appendix A6 for summary statistics). Similar to subsection 6.2.1, we use Google 

Maps to identify the coordination of mosques in Tehran. We hypothesize that higher levels of 

borrowers’ religiosity are correlated with higher density of mosques. This assumption is based 

on the idea that individuals living nearer to mosques may have more frequent opportunities for 

participation in religious activities, thereby reinforcing their religious values. 

As we need the data of borrowers’ residence neighborhood, our analysis is limited to the city 

of Tehran, where we access the borrowers’ residence 5-digit ZIP code neighborhood. In Iran, 

particularly in Tehran, Islam is the predominant religion, encompassing 99.08% of the 

population, according to the National Population and Housing Census (2016) from the 

Statistics Center of Iran.31 Given this demographic context, our analysis focuses exclusively on 

Muslim borrowers and examines mosques as the central religious institution.  

There are 613 mosques in Tehran which are more concentrated in southeastern parts of the city. 

In our context, given our proxy for religiosity, the people residing in south-eastern are expected 

to be more religious. Figure 13 shows the distribution of mosques in Tehran. 

[Insert Figure 13 About Here] 

We examine the effect of religiosity on borrowers’ incentives to avoid default by estimating 

the following regression:32 

 P(Default)
i
 =  αi + β

1
 RelationshipDummy

i
+ β

2
 NMi 

(8) 
 + β

3
(RelationshipDummy

i
 × NMi) + β

4
 Characteristics

i
+ β

5
 RiskMeasuresi + ϵi  

where NMi denotes the number of mosques inside circles with radii of 200m, 300m, 400m, 

500m, and 600m around the center of each borrower’s neighborhood and i represents the 

borrower. 

The results are reported in columns (1) to (5) Table 17 for NMi with radii of 200m to 600m, 

respectively. They show that the coefficient on NM is not significant, which implies that 

 
29 Okulicz-Kozaryn (2015) uses church density as an indicator of religiosity, and Cau et al. (2018) employ mosque 

density as a proxy for the strength of local religious norms, values, and institutions. 
30 We ignore radius of 100m because the number of mosques inside the 100m circles were almost zero for the 

majority of borrowers (about 96% of the sample). 
31 https://old.sci.org.ir/english/Population-and-Housing-Censuses 
32 In this subsection, we only report the LPM results the sake of brevity. However, we confirm that we find similar 

results for probit and logit estimation. 
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religiosity does not affect default risk by itself. However, the findings underscore the 

significance of religiosity in influencing borrowers’ incentives to maintain their banking 

relationships. The coefficient on the interaction term (RelationshipDummy
i
 × NMi) exhibits a 

negative value across all columns, with statistical significance for circles with radii of 200m to 

500m, reported in columns (1) to (4), respectively. This result aligns with Baele et al. (2014), 

who find that default rates are lower during Ramadan for pious borrowers, likely due to 

strengthened social relationships and the heightened value of personal interactions. 

Interestingly, the economic significance declines with the increase in radii of circle around the 

location of a borrower. Specifically, the addition of a mosque to the neighborhood of a 

borrower within 200m to 600m from borrowers’ residence, is associated with respectively a 

1.43%, 1.21%, 0.769%, 0.437%, and 0.145% decline in the probability of default. This finding 

suggests that as religiosity increases – represented by an increase in the density of mosques – 

the effect of prior relationships on avoiding loan default becomes more pronounced. It implies 

that borrowers’ incentives to maintain relationships with the bank increases with religiosity. 

This result aligns with our expectations, highlighting that more religious borrowers attach more 

value to banking relationship.  

[Insert Table 17 About Here] 

7.4. The Role of Gender in Maintaining Banking Relationship 

The extant literature demonstrates that women face discrimination in access to credit (Bellucci 

et al., 2010; Alesina et al., 2013; Ongena and Popov, 2016), despite evidence showing no higher 

delinquency rates among females (Beck et al., 2018). Abedifar et al. (2024) finds that prior 

banking relationships benefit female borrowers more than male borrowers in obtaining new 

credit. This posits an important question: do female borrowers have greater incentives to avoid 

default compared to male borrowers?  

This question is worth exploring because, on the one hand, banking relationships may be more 

valuable for female borrowers than male borrowers. On the other hand, it can be argued that 

nurturing banking relationships might be even more important for male borrowers, as they are 

more likely to engage in business activities as part of their long-term career and financial goals 

(Hira and Mugenda, 2000). Consequently, male borrowers might be more inclined to maintain 

their banking relationships. Indeed, major financial milestones such as home ownership, 

business investments, or large-scale purchases typically require solid credit histories. Men 

aiming for these goals are more likely to preserve their creditworthiness to secure favorable 

loan terms and interest rates. Furthermore, maintaining a robust credit profile enhances their 

future financial leverage, granting access to better financial opportunities. This approach helps 

them capitalize on future prospects and minimize the risks associated with poor credit, thereby 

strengthening their commitment to avoid default. Given these contrasting viewpoints, a 

straightforward answer is not apparent and requires further analysis. Therefore, in this 

subsection, we examine this research question.  
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We estimate Equation (6) using LPM, probit, and logit regressions. The model includes the 

explanatory variables of the Equation (1) and the interaction term between the 

RelationshipDummyi and gender (Malei). In addition, one might argue that males have more 

wealth and income, which enable them to better maintain their relationships and default less. 

Therefore, we control for neighborhood home prices as a proxy for wealth.33 The model 

specification is as follows:34 

 P(Default)
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 = αi + β
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i
+ β

2
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 + β

3
(RelationshipDummy

i
 × Malei) + β

4
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i
+ β

5
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where i represents the borrower.  

The estimation results using LPM, probit, and logit regressions are presented in columns (1), 

(2) and (3) of Table 18, respectively. The coefficient on RelationshipDummy
i
 × Malei is 

significantly negative in all three columns at the 5% level, which indicates that the association 

of prior banking relationships and avoiding mortgage default is more pronounced for male 

borrowers. Specifically, prior banking relationships are associated with a lower default 

probability for male borrowers by 5.37%, 5.51%, and 5.56%, respectively.35 However, for 

female borrowers, the impact is less substantial, with a decrease in default probability of 3.08%, 

3.19%, and 3.15%, respectively. The results on control variables are similar to our previous 

findings.  

[Insert Table 18 About Here] 

Overall, the results suggests that male borrowers with prior relationship have stronger 

incentives – compared to female borrowers – to fulfill their mortgage payment obligations, and 

thereby preserve their banking relationship.  

7.5. The Role of Marital Status in Maintaining Banking Relationship  

A borrower’s incentive to honor a payment claim might depend on her marital status. The 

potential consequences of defaulting on a loan extend to borrowers’ spouse and dependents. 

This extension could encourage them to fulfill their financial commitments better than single 

 
33 Similar to subsection 6.2.2, our analysis is limited to mortgage loan data for Tehran. 
34 We verify that there is sufficient variation and observations in RelationshipDummy across the male and female 

sub-samples. Furthermore, the low correlation of 0.018 between RelationshipDummy and the gender variable 

(Male) ensures us that our results are not affected by multi-collinearity problem. The results are available upon 

request. 
35 The effect of prior relationships on the probability of default for male borrowers is the sum of the marginal 

effects of RelationshipDummy and the interaction term between RelationshipDummy and Male 

(RelationshipDummy × Male), while the effect of prior relationships for female borrowers is equal to the marginal 

effect of RelationshipDummy. 
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borrowers. In addition, married individuals are more likely to engage in long-term financial 

planning – such as saving their children’s education, or preparing for retirement – which 

requires keeping their banking relationships in good standing to facilitate access to credit. Our 

investigation shows that married borrowers with prior banking relationship is less likely to 

default than single borrowers with prior relationship. Therefore, one can argue that married 

borrowers might have more incentives to avoid default and nurture their banking relationships.  

In this subsection, we examine this argument by estimating Equation (10) using LPM, probit, 

and logit. The dependent variable and explanatory variables are the same as the one in Equation 

(1). We merely add the interaction terms between RelationshipDummyi and Marriedi to the 

model as our variable of interest: 
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 where i represents the borrower.  

Table 19 presents the estimation results of Equation (10)36 using LPM, probit and logit 

regressions. The results – reported in columns (1), (2), and (3) – show that there is no 

significance difference in the impact of prior relationships on loan performance between single 

and married borrowers.  

[Insert Table 19 About Here] 

8. Concluding Remarks 

This study investigates the role of borrowers’ prior banking relationship in loan repayments. 

Using a comprehensive dataset of around 149,230 mortgage loans, we find robust evidence 

that borrowers with prior banking relationships exhibit significantly lower propensity to default 

on their loan installments compared to those without such relationships. The results indicate 

that the borrowers’ incentives channel plays a significant role in relationship banking. 

Specifically, our LPM, probit, and logit estimates indicate that borrowers maintaining savings 

or current accounts prior to loan origination have an approximately 4% lower incentive to 

default, after controlling for an array of borrowers’ characteristics and risk factors. This effect 

persists across various robustness checks, including alternative estimation methods, different 

 
36 Similar to Equation (9), we verify that there is sufficient variation and observations in RelationshipDummy 

across the married and single sub-samples. Furthermore, the low correlation of -0.06 between RelationshipDummy 

and the marital status variable (Married) ensures us that our results are not affected by multi-collinearity problem. 

The results are available upon request. 
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default definition, and measures of relationship duration, underscoring the pivotal role of 

relationship banking in mitigating default risk.  

Furthermore, our analysis of the COVID-19 pandemic lockdown as an exogenous shock 

reveals that borrowers with established banking relationships are less inclined to default on 

their payment obligations, potentially driven by a desire to preserve valuable relationships that 

could facilitate future access to financial support. This finding highlights the stabilizing 

influence of relationship banking during economic crises. 

Our study also demonstrates the heterogeneity in borrowers’ incentives to avoid default across 

different wealth levels. Using home prices as a proxy for wealth, we find that more affluent 

borrowers with prior banking relationships have greater incentives to honor their mortgage 

payments and thereby preserve their banking relationships possibly because they are more 

likely to apply for credit in the future. Furthermore, we find that the religiosity strengthens the 

influence of prior relationships on avoiding defaults. 

In addition, our study further extends the literature by showing that borrowers’ behavior under 

a mortgage loan varies across genders. We find that the association of prior banking 

relationships and incentives to avoid default is stronger for male borrowers relative to female 

borrowers. These findings highlight the importance of considering demographic factors in 

understanding the dynamics of borrowers’ behavior. 

In essence, this study underscores the significance of relationship banking as a powerful 

mechanism for aligning borrowers’ incentives and enhancing loan repayment discipline. By 

nurturing long-term relationships, banks can cultivate a sense of commitment and trust among 

borrowers, ultimately reducing default risk and promoting financial stability. These insights 

carry significant implications for both lending institutions and policymakers, underscoring the 

importance of fostering enduring bank-borrower relationships as one of the fundamental 

aspects of a resilient financial system. Banks may consider assigning considerable importance 

to borrowers’ incentives alongside screening and monitoring when assessing loan applications. 

Moreover, they may choose to prioritize extending loans to customers with longer-established 

relationships, recognizing the decreased default risk associated with such clients. 
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Figure 1: Mortgage Papers’ Average Price  

 

This figure plots the average market price of mortgage papers in $ over the study period from April 

2019 to October 2020. 
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Figure 2: The Installment-to-Income Ratio  

 

This graph exhibits the average loan installment-to-income ratio (y-axis) across income deciles (x-axis) 

for households in our sample under the First Program and the Second Program in 2019.  
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Figure 3: Time-to-Event and Time-to-Censoring  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

This figure shows the entry time, time-to-event, and time-to-censoring for a 50-borrower random 

sample from our dataset. Each horizontal line implies one borrower. The red dots at the end of lines 

indicate that the borrower is censored and the green crosses show that the borrower has left the data by 

default on her loan. 
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Figure 4: Histograms of Borrowers’ Follow-Up Period  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

The figure depicts the histograms of the follow-up period for borrowers without default and those with 

default. The follow-up period is the duration (in months) that a borrower is observed in the data up until 

they exit the sample either as they default or the right-censoring. The x-axis represents the duration in 

months, while the y-axis represents the density of borrowers with a specific follow-up period. 
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Figure 5: Distribution of Maskan Bank Branches in Tehran, with a 2000m Radius Circle 

Around the Center of a Borrower’s 5-Digit ZIP Code Neighborhood. 

 

This figure illustrates the distribution of Maskan Bank branches across the map of Tehran. The red 

circle represents a 2000-meter radius, centered on a borrower's 5-digit ZIP code area. The x-axis depicts 

the longitude, while the y-axis displays the latitude. 
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Figure 6: The Results of Random Forest Analysis: The Importance of the Distance to Maskan 

Branch (MBD) and Borrowers’ Characteristics  

 

The figure presents the results of the random forest analysis, illustrating the feature importance of 

various variables in predicting whether a borrower has a relationship with Maskan Bank. The variable 

of interest is the Distance to Maskan Branch (MBD). The x-axis represents the percentage of importance 

for each variable, while the y-axis lists the variables. 
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Figure 7: The Results of Random Forest Analysis: The Importance of the Distance Ratio 

(DR) and Borrowers’ Characteristics 

 

The figure presents the results of the random forest analysis, illustrating the feature importance of 

Distance Ratio (DR) for different values of k and borrowers’ characteristics in predicting whether a 

borrower has a relationship with Maskan Bank. The value k represents the number of nearest branches 

of other banks that we use to calculate the denominator of Equation (5). The variable of interest is DR. 

The x-axis represents the percentage of importance for each variable, while the y-axis lists the variables. 
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Figure 8: Distribution of Home Price in Tehran 

 
 

This figure depicts the distribution of home price per square meter in $ across the first 5-digit ZIP code 

neighborhoods in Tehran, Iran. The x-axis represents longitude and the y-axis indicates latitude. The 

color of each zone reflects a specific home price, indicated in the legend bar. The districts without color 

represent missing values. 
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Figure 9: COVID-19 Lockdown and the Loan Defaults Trend 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

This figure shows the trend of loan defaults before and after the COVID-19 lockdown. The x-axis 

represents months, and the y-axis indicates the percentage of loan defaults. The vertical lines denote the 

95% confidence interval. The benchmark month is March 2020. 
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Figure 10: The Effect of Prior Relationships in Loan Default During the COVID-19 

Lockdown 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

This figure depicts the relationship between a borrower’s prior relationships with Maskan Bank and the 

risk of loan default during the COVID-19 lockdown period. The x-axis represents the month and the y-

axis indicates the coefficients on Month×RelationshipDummy interaction term resulted from Equation 

(6). The vertical lines denote the %95 confidence interval. The benchmark month is March 2020. 
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Figure 11: Marginal Effect of Having Prior Relationships on Probability of Default across 

Different Home Price Brackets 

 

This figure depicts the average marginal effect of having prior relationships with the bank on the 

probability of loan default across different home prices. The x-axis represents the home price per square 

meter in $ and the y-axis indicates the change in the probability of default in percentage resulted from 

Equation (7). The vertical lines denote the 95% confidence interval. 
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Figure 12: Heterogeneous Effect of Having a Prior Relationship on Probability of Default 

across Tehran’s Zones 

This figure depicts the average marginal effect (%) of having prior relationships on the probability of 

default at each district zone of Tehran. The x-axis represents longitude and the y-axis indicates latitude. 

The color of each zone reflects a specified marginal effect in percentage, indicated in the legend bar. 

The districts without color represent missing values. 
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Figure 13: Distribution of Mosques in Tehran 

 

This figure illustrates the distribution of Mosques across the map of Tehran. The x-axis depicts the 

longitude, while the y-axis displays the latitude. 
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Table 1: Summary Statistics  
      

   Mean  SD   Min   Max N 

3-Month Default (%) 26.49 44.12 0.00 100 149,230 

6-Month Default (%) 5.82 23.41 0.00 100 131,784 

RelationshipDummy (%) 34.25 47.45 0.00 100 149,230 

RelationshipDuration (in Years) 9.33 5.78 0.00 30.66 51,121 

Male (%) 58.37 49.29 0.00 100 149,230 

Married (%) 86.71 33.94 0.00 100 149,230 

Effective Rate (%) 20.42 1.08 17.92 22.97 149,230 

Loan to Value (%) 34.56 21.14 4.13 83.33 146,291 

Bounced Check Record (%) 3.65 18.76 0.00 100 149,230 

Default Record in Previous Loans (%) 12.08 32.59 0.00 100 149,230 
       

This table presents the summary statistics of borrowers’ characteristics, risk measures, and loan 

defaults. The sample includes loans originated by Maskan Bank under the First Program of loan 

issuance from April 2019 to February 2021. Please refer to Appendix A1 for variable definitions. 
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Table 2: Covariate Balance Test 
     

 Without Prior 

Relationship 

With Prior 

Relationship 
 Overlap Measures 

 (Nnr = 96,438) (Nr = 49,853)    𝜋0.05 

 Mean (S.D.) Mean (S.D.)  Nor Dif 
Log Ratio of 

STD 

Without Prior 

Relationship 

With Prior 

Relationship 

Male 0.58 -0.49 0.6 -0.49  0.04 -0.01 0 0 

Married 0.88 -0.32 0.84 -0.37  -0.14 0.14 0 0 

Loan to Value 0.35 -0.21 0.32 -0.21  -0.16 -0.01 0.02 0.04 

Bounced Check 0.03 -0.17 0.05 -0.22  0.11 0.27 0 0 

Default in Previous 

Loans 
0.12 -0.33 0.12 -0.32  -0.01 -0.01 0 0 

Effective Rate 0.2 -0.01 0.2 -0.01  0.01 0 0.05 0.05 

Multivariate 

Measures 
         

P-Score 0.34 (0.05) 0.35 (0.06)  0.24 0.10 0.05 0.06 

Linearized P-Score -0.69 (0.23) -0.63 (0.25)  0.24 0.08 0.05 0.06 
          

This table presents the overlap assessment of covariates between borrowers with and without prior relationships with the bank. The overlap 

measures are normalized differences (Nor Dif), dispersion difference (Log Ratio of STD), and coverage frequency (π0.05). Additionally, 

multivariate measures such as propensity scores (P-Score) and linearized propensity scores (Linearized P-Score) are reported to assess the 

overall balance between the two groups. 
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Table 3: Average Marginal Effects of LPM, Probit, and Logit Regressions 
    

 (1) (2) (3) 

  LPM Probit Logit 

Borrower’s Relationship    

          RelationshipDummy -0.0419*** -0.0423*** -0.0429*** 

 (0.00332) (0.00324) (0.00327) 

Borrower’s Characteristics    

           Male -0.000224 0.000467 0.000286 

 (0.00299) (0.00298) (0.00301) 

           Married 0.00246 0.00277 0.00273 

 (0.00564) (0.00578) (0.00582) 

Borrower’s Risk Measures    

           Loan to Value 0.000513*** 0.000514*** 0.000500*** 

 (0.0000763) (0.0000752) (0.0000758) 

           Bounced Check 0.159*** 0.140*** 0.141*** 

 (0.0115) (0.00954) (0.00948) 

           Default in Previous Loans 0.509*** 0.394*** 0.377*** 

 (0.00679) (0.00443) (0.00427) 

           Effective Rate -0.0728*** -0.0773*** -0.0760*** 

 (0.00264) (0.00283) (0.00290) 

Job Yes Yes Yes 

Education Yes Yes Yes 

N 146,242 146,242 146,242 

R2 (Pseudo R2) 0.198 0.163 0.162 

F (Wald Chi2) 335.37 7887.08 6981.64 
    

This table exhibits the average marginal effects resulted from Equation (1) using the LPM, probit, and 

logit estimation. The dependent variable is a binary variable equal to 1 if the borrower defaults within 

the full observation period after loan origination where the default is defined as failure to repay the 

installments for three consecutive months. The variable of interest is RelationshipDummy. We control 

for Male, Married, Loan to Value, Bounced Check, Default in Previous Loans, and Effective Rate. We 

also include Job and Education fixed effects. They are jointly significant; however, for brevity, we do 

not report their coefficients. The error terms are clustered at the city level in all models. The standard 

errors are calculated using the Delta method. Please refer to Appendix A1 for variable definitions. ***, 

** and * indicate significance at 1%, 5% and 10%, respectively. 
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Table 4: Descriptive Statistics of Censored and Failed Subjects 
 

      

Subject Type     Mean SD Min Max N 

Censored Subjects (Default = 0) 11.60 5.40 3 23 109,706 

Failed Subjects (Default = 1)  6.75 3.37 3 23 39,524 
      

This table presents the statistics on censored and failed borrowers within the survival data. A censored 

borrower refers to one who exits the dataset for reasons other than default. Conversely, a failed borrower 

is one who exits the dataset due to default. 
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Table 5: Cox Proportional Hazard Regression 
    

 (1) (2) (3) 

 Hazard Ratio Hazard Ratio Hazard Ratio 

  Borrower’s Relationship    

RelationshipDummy 0.818*** 0.844*** 0.804*** 

 (0.0126) (0.0128) (0.0110) 

  Borrower’s Characteristics    

Male  1.107*** 0.983 

  (0.0140) (0.0157) 

Married  1.074* 0.993 

  (0.0360) (0.0282) 

  Borrower’s Risk Measures    

Loan to Value   1.002*** 

   (0.0004) 

Bounced Check   1.756*** 

   (0.0734) 

Default in Previous Loans   4.990*** 

   (0.125) 

Effective Rate   0.891*** 

   (0.0066) 

    

  Job No Yes Yes 

  Education No Yes Yes 

  N 149,181 149,181 146,242 

  Wald Chi2 170.0 1367.5 10400.6 
    

This table exhibits the hazard ratios resulted from the Cox proportional hazard model (Equation (2)). 

The dependent variable is the time to 3-month default indicator. Column (1) includes the 

RelationshipDummy as the explanatory variable. In column (2), we add borrowers’ characteristics, i.e. 

Male and Married. Column (3) reports the result when we incorporate borrowers’ risk measures, i.e., 

Loan to Value, Bounced Check, Default in Previous Loans, and Effective Rate. Job and Education fixed 

effects are included in columns (2) and (3). They are jointly significant; however, for brevity, we do not 

report their coefficients. The error term is clustered at the city level in all models. Standard errors of 

exponentiated coefficients are in parenthesis. Please refer to Appendix A1 for variable definitions. ***, 

** and * indicate significance at 1%, 5% and 10%, respectively.  
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Table 6: Default Probability Prediction by Machine Learning Models 

    

 (1) (2) (3) 

 Random Forest XGBoost Neural Networks 

  Borrower’s Relationship    

   RelationshipDummy -0.0323*** -0.0395*** -0.0380*** 

 (0.0024) (0.0028) (0.0021) 

  Borrower’s Characteristics    

   Male 0.0011 0.0088*** 0.0110*** 

 (0.0030) (0.0015) (0.0032) 

   Married 0.0091** 0.0161*** 0.0135*** 

 (0.0035) (0.0017) (0.0035) 

  Borrower’s Risk Measures    

   Loan to Value -0.0003 -0.0086** 0.0287*** 

 (0.0021) (0.0035) (0.0026) 

   Bounced Check 0.1639*** 0.2194*** 0.2417*** 

 (0.0014) (0.0019) (0.0033) 

   Default in Previous Loans 0.4266*** 0.5140*** 0.5323*** 

 (0.0023) (0.0018) (0.0027) 

   Effective Rate -0.0869*** -0.1374*** -0.2634*** 

 (0.0018) (0.0035) (0.0026) 

    

  Job Yes Yes Yes 

  Education Yes Yes Yes 

  ROC AUC 0.7316 0.7603 0.7507 

  Average Precision Score 0.5479 0.5765 0.5663 

  Brier Score 0.1581 0.1518 0.1526 

  R2 0.1795 0.2121 0.2080 
    

This table shows the effect of variables on the probability of default using three machine learning 

models: Random Forest, XGBoost, and Neural Networks, as presented in columns (1), (2), and (3), 

respectively. The outcome variable is binary, representing a classification problem where the outcome 

is one if the borrower defaults within the full observation period after loan origination. Default is defined 

as failing to repay installments for three consecutive months. The variable of interest is 

RelationshipDummy. We control for Male, Married, Loan to Value, Bounced Check, Default in 

Previous Loans, and Effective Rate. We also include Job and Education as categorical features; 

however, for brevity, we do not report their effects. The standard errors are computed using bootstrap 

sampling. Please refer to Appendix A1 for variable definitions. ***, ** and * indicate significance at 

1%, 5% and 10%, respectively. 
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Table 7: Summary Statistics of the Number of Maskan Bank Branches and Branches of other 

Banks Inside the Circles with Radii of 500, 1000, 1500, 2000 Meters. 
      

 Mean SD Min Max N 

Maskan Bank Branches      

   500m Circle 0.20 0.43 0.00 2.00 28,430 

   1000m Circle 0.71 0.80 0.00 4.00 28,430 

   1500m Circle 1.41 1.22 0.00 6.00 28,430 

   2000m Circle 2.38 1.72 0.00 8.00 28,430 
      

Other Banks Branches      

   500m Circle 2.97 4.11 0.00 32.00 28,430 

   1000m Circle 11.19 11.73 0.00 72.00 28,430 

   1500m Circle 24.04 22.70 0.00 141.00 28,430 

   2000m Circle 41.56 37.10 0.00 230.00 28,430 
      

This table presents summary statistics for the number of Maskan Bank branches and other banks located 

within circles of varying radii – 500, 1000, 1500, and 2000 meters – centered at the borrowers’ 5-digit 

ZIP code neighborhood center.  
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Table 8: The Role of Geographic Distance to Maskan Bank Branches 
     

 (1) (2) (3) (4) 

 500m Circle 1000m Circle 1500m Circle 2000m Circle 

Number of Maskan Branches (NMB) 0.0215*** 0.0131*** 0.0136*** 0.0127*** 

 (0.00656) (0.00351) (0.00232) (0.00163) 

     

Male 0.000158 0.000286 0.000386 0.000855 

 (0.00599) (0.00599) (0.00598) (0.00598) 

     

Married -0.0421*** -0.0418*** -0.0410*** -0.0407*** 

 (0.00742) (0.00741) (0.00742) (0.00741) 

     

Bounced Check  0.111*** 0.111*** 0.112*** 0.114*** 

 (0.0190) (0.0190) (0.0190) (0.0190) 

     

Default in Previous Loans  0.0509*** 0.0509*** 0.0517*** 0.0530*** 

 (0.0150) (0.0150) (0.0150) (0.0150) 

     

Job Yes Yes Yes Yes 

Education Yes Yes Yes Yes 

N 28,430 28,430 28,430 28,430 

Pseudo R2 0.0121 0.0122 0.0127 0.0134 

Wald Chi2 437.16 439.85 459.16 483.96 
     

This table presents the marginal effects of the number of Maskan Bank branches located inside circles 

with varying radii – 500, 1000, 1500, and 2000 meters – centered at the neighborhood center of 

borrowers' 5-digit ZIP codes on having relationship with Maskan Bank. The dependent variable is a 

binary variable that takes the value of one if the borrower has a relationship with Maskan Bank and zero 

otherwise. The variable of interest is Number of Maskan Branches (NMB). We control for Male, 

Married, Bounced Check, and Default in Previous Loans. We also include Job and Education fixed 

effects. The fixed effects are jointly significant; however, for brevity, we do not report their coefficients. 

The standard errors are calculated using the Delta method. Please refer to Appendix A1 for variable 

definitions. ***, ** and * indicate significance at 1%, 5% and 10%, respectively.  
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Table 9: Summary Statistics of the Average Distance between the Borrowers’ 5-digit ZIP 

Code Neighborhood Center and k Nearest Maskan Bank and Other Banks Branches 
      

 Mean SD Min Max N 

Maskan Bank Branches      

   Dist. to the Nearest 1,287.3 1,460.6 68.7 14,318.9 28,430 

   Avg. Dist. to the 2 Nearest 1,635.5 1,473.4 219.7 14,471.9 28,430 

   Avg. Dist. to the 3 Nearest 1,952.7 1,534.0 464.0 15,023.9 28,430 

   Avg. Dist. to the 4 Nearest 2,232.8 1,592.5 671.8 15,532.7 28,430 

   Avg. Dist. to the 5 Nearest 2,486.5 1,653.4 942.2 16,047.5 28,430 

   Avg. Dist. to the 6 Nearest 2,723.0 1,725.6 1,106.6 16,611.2 28,430 

   Avg. Dist. to the 7 Nearest 2,942.3 1,787.2 1,328.2 17,074.1 28,430 

   Avg. Dist. to the 8 Nearest 3,147.0 1,852.1 1,489.2 17,586.5 28,430 

   Avg. Dist. to the 9 Nearest 3,337.7 1,914.3 1,574.6 18,077.2 28,430 

   Avg. Dist. to the 10 Nearest 3,519.9 1,970.3 1,728.1 18,512.6 28,430 

      

Other Banks Branches      

   Dist. to the Nearest 474.5 354.3 13.4 3,519.0 28,430 

   Avg. Dist. to the 2 Nearest 543.7 378.8 28.0 3,571.4 28,430 

   Avg. Dist. to the 3 Nearest 609.3 419.0 33.4 5,055.1 28,430 

   Avg. Dist. to the 4 Nearest 666.5 455.8 56.5 5,954.4 28,430 

   Avg. Dist. to the 5 Nearest 715.7 485.1 70.6 6,504.1 28,430 

   Avg. Dist. to the 6 Nearest 760.9 507.5 91.0 6,871.1 28,430 

   Avg. Dist. to the 7 Nearest 802.6 526.4 105.6 7,136.5 28,430 

   Avg. Dist. to the 8 Nearest 843.4 542.1 114.2 7,345.2 28,430 

   Avg. Dist. to the 9 Nearest 881.9 556.2 117.6 7,509.8 28,430 

   Avg. Dist. to the 10 Nearest 919.4 568.9 124.4 7,652.7 28,430 
      

This table shows the summary statistics of the average distance between the borrowers’ 5-digit ZIP 

code neighborhood center and k nearest Maskan Bank and other banks branches. The values are 

measured in meter.  
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Table 10: The Marginal Effects of Distance to Maskan Branch (MBD) on Having Relationship with Maskan Bank 
           

 (1) (2) (3) (4) (5) (1) (2) (3) (4) (5) 

 
Nearest  
Branch 

 2 Nearest 
Branches 

3 Nearest 
Branches 

4 Nearest 
Branches 

5 Nearest 
Branches 

6 Nearest 
Branches 

 7 Nearest 
Branches 

8 Nearest 
Branches 

9 Nearest 
Branches 

10 Nearest 
Branches 

Distance to Maskan Branch (MBD) -0.0019*** -0.0020*** -0.0021*** -0.0020*** -0.0019*** -0.0019*** -0.0019*** -0.0018*** -0.0018*** -0.0018*** 

 (0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0002) 

           

Male 0.0006 0.0008 0.0009 0.0010 0.0011 0.00118 0.00125 0.00134 0.00140 0.00145 

 (0.0059) (0.0059) (0.0059) (0.0059) (0.0059) (0.00598) (0.00598) (0.00598) (0.00598) (0.00598) 

           

Married -0.0404*** -0.0400*** -0.0397*** -0.0394*** -0.0394*** -0.0393*** -0.0392*** -0.0391*** -0.0390*** -0.0390*** 

 (0.0074) (0.0074) (0.0074) (0.0074) (0.0074) (0.00740) (0.00740) (0.00740) (0.00740) (0.00740) 

           

Bounced Check 0.111*** 0.112*** 0.112*** 0.112*** 0.113*** 0.113*** 0.113*** 0.113*** 0.113*** 0.113*** 

 (0.0190) (0.0190) (0.0190) (0.0190) (0.0190) (0.0190) (0.0190) (0.0190) (0.0190) (0.0190) 

           

Default in Previous Loans 0.0532*** 0.0536*** 0.0540*** 0.0542*** 0.0543*** 0.0542*** 0.0542*** 0.0542*** 0.0542*** 0.0542*** 

 (0.0150) (0.0150) (0.0151) (0.0151) (0.0151) (0.0151) (0.0151) (0.0151) (0.0151) (0.0151) 

Job Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Education Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

N 28,430 28,430 28,430 28,430 28,430 28,430 28,430 28,430 28,430 28,430 

Pseudo R2 0.0139 0.0144 0.0146 0.0147 0.0147 0.0148 0.0149 0.0150 0.0150 0.0151 

Wald Chi2 488.79 497.59 503.58 507.63 509.33 512.34 515.84 519.04 522.16 525.53 
           

This table presents the marginal effects of the average distance between the borrowers’ 5-digit ZIP code neighborhood center and k nearest Maskan Bank 

branches on having relationship with Maskan Bank. The dependent variable is a binary variable that takes the value of one if the borrower has a relationship 

with Maskan Bank and zero otherwise. The variable of interest is Distance to Maskan Bank Branches (MBD). We control for Male, Married, Bounced 

Check, and Default in Previous Loans. We also include Job and Education fixed effects. They are jointly significant; however, for brevity, we do not report 

their coefficients. The standard errors are calculated using the Delta method. Please refer to Appendix A1 for variable definitions. ***, ** and * indicate 

significance at 1%, 5% and 10%, respectively. 
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Table 11: The Marginal Effects of Distance Ratio (DR) on Having Relationship with Maskan Bank 
           

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

 k = 1 k = 2 k = 3 k = 4 k = 5 k = 6 k = 7 k = 8 k = 9 k = 10 

DR -0.0021** -0.0042*** -0.0045*** -0.0049*** -0.0052*** -0.0055*** -0.0059*** -0.0065*** -0.0073*** -0.0079*** 

 (0.000820) (0.00112) (0.00133) (0.00154) (0.00169) (0.00183) (0.00194) (0.00205) (0.00217) (0.00227) 

           

Male -0.000124 -0.000228 -0.000226 -0.000160 -0.000119 -0.000104 -0.0000954 -0.0000971 -0.000101 -0.000106 

 (0.00599) (0.00599) (0.00599) (0.00599) (0.00599) (0.00599) (0.00599) (0.00599) (0.00599) (0.00599) 

           

Married -0.0421*** -0.0418*** -0.0419*** -0.0420*** -0.0420*** -0.0420*** -0.0420*** -0.0420*** -0.0420*** -0.0420*** 

 (0.00742) (0.00742) (0.00742) (0.00742) (0.00742) (0.00742) (0.00742) (0.00742) (0.00742) (0.00742) 

           

Bounced Check 0.112*** 0.113*** 0.113*** 0.113*** 0.112*** 0.112*** 0.112*** 0.112*** 0.112*** 0.112*** 

 (0.0190) (0.0190) (0.0190) (0.0190) (0.0190) (0.0190) (0.0190) (0.0190) (0.0190) (0.0190) 

           

Default in Previous Loans 0.0509*** 0.0512*** 0.0513*** 0.0515*** 0.0515*** 0.0515*** 0.0515*** 0.0516*** 0.0516*** 0.0516*** 

 (0.0150) (0.0150) (0.0150) (0.0150) (0.0150) (0.0150) (0.0150) (0.0150) (0.0150) (0.0150) 

Job Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Education Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

N 28,430 28,430 28,430 28,430 28,430 28,430 28,430 28,430 28,430 28,430 

Pseudo R2 0.0120 0.0121 0.0121 0.0120 0.0120 0.0120 0.0120 0.0120 0.0121 0.0121 

Wald Chi2 434.26 441.76 439.25 437.41 437.07 436.56 436.75 437.54 438.67 439.49 
           

This table presents the marginal effects of the distance ratio (DR) on having relationship with Maskan Bank. The dependent variable is a binary variable that 

takes the value of one if the borrower has a relationship with Maskan Bank and zero otherwise. The variable of interest is the distance ratio (DR). We control 

for Male, Married, Bounced Check, and Default in Previous Loans. We also include Job and Education fixed effects. They are jointly significant; however, 

for brevity, we do not report their coefficients. The standard errors are calculated using the Delta method. Please refer to Appendix A1 for variable definitions. 

***, ** and * indicate significance at 1%, 5% and 10%, respectively.  
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Table 12: Average Marginal Effects of LPM, Probit, and Logit Regressions – Controlling for 

Borrowers’ Wealth 
    

 (1) (2) (3) 

  LPM Probit Logit 

Borrower’s Relationship    

          RelationshipDummy -0.0437*** -0.0449*** -0.0450*** 
 (0.00456) (0.00487) (0.00500) 

Borrower’s Characteristics    

           Male 0.00497 0.00609 0.00560 
 (0.00611) (0.00583) (0.00604) 

           Married 0.0174*** 0.0183*** 0.0179*** 
 (0.00464) (0.00482) (0.00498) 

           Home Price 0.0518*** 0.0534*** 0.0558*** 

 (0.00952) (0.00961) (0.00962) 

Borrower’s Risk Measures    

           Loan to Value 0.000575*** 0.000559*** 0.000545*** 
 (0.0000788) (0.0000760) (0.0000761) 

           Bounced Check 0.134*** 0.115*** 0.110*** 
 (0.0454) (0.0333) (0.0322) 

           Default in Previous Loans 0.452*** 0.314*** 0.295*** 
 (0.0123) (0.00738) (0.00696) 

           Effective Rate -0.0527*** -0.0558*** -0.0545*** 
 (0.00284) (0.00326) (0.00322) 

Job Yes Yes Yes 

Education Yes Yes Yes 

N 26,581 26,560 26,560 

R2 (Pseudo R2) 0.088 0.084 0.082 
    

This table exhibits the average marginal effects resulted from estimation of Equation (1) using the LPM, 

probit, and logit estimation techniques when we include Home Price as a control variable. The sample 

is limited to Tehran due to data limiation. The dependent variable is a binary variable that takes the 

value of one if the borrower defaults within the full observation period after loan origination where the 

default is defined as failure to repay the installments for three consecutive months. The variable of 

interest is RelationshipDummy. We control for Male, Married, Home Price, Loan to Value, Bounced 

Check, Default in Previous Loans, and Effective Rate. We also include Job and Education fixed effects. 

They are jointly significant; however, for brevity, we do not report their coefficients. The error terms 

are clustered at the Tehran municipal district level in all models. The standard errors are calculated 

using the Delta method. Please refer to Appendix A1 for variable definitions. ***, ** and * indicate 

significance at 1%, 5% and 10%, respectively.  
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Table 13: Results of LPM, Probit, and Logit – Endogeneity Concern: Sub-Sample of 

Borrowers with Prior Relationships 
    

 (1) (2) (3) 

 LPM Probit Logit 

  Borrower’s Relationship    

    RelationshipDuration (Year) -0.0022*** -0.0020*** -0.00220*** 

 (0.0005) (0.0004) (0.000508) 

  Borrower’s Characteristics    

    Male -0.0018 0.000003 -0.0008 

 (0.0035) (0.0034) (0.0035) 

    Married -0.0004 0.0002 -0.0002 

 (0.0054) (0.0055) (0.0056) 

  Borrower’s Risk Measures    

    Loan to Value 0.0005*** 0.000589*** 0.0005*** 

 (0.0001) (0.000108) (0.0001) 

    Bounced Check 0.178*** 0.150*** 0.149*** 

 (0.0143) (0.0106) (0.0109) 

    Default in Previous Loans 0.442*** 0.331*** 0.317*** 

 (0.0091) (0.00561) (0.0051) 

    Effective Rate -0.0675*** -0.0720*** -0.0707*** 

 (0.0029) (0.00302) (0.0030) 

    

  Job Yes Yes Yes 

  Education Yes Yes Yes 

  N 49,821 49,821 49,821 

  R2 (Pseudo R2) 0.170 0.145 0.144 

  F (Wald Chi2) 169.27 5457.59 4960.78 
     

This table exhibits the average marginal effects resulted from Equation (1) using the LPM, probit, and 

logit estimations. The sample is limited to the borrowers with prior relationships with Maskan Bank. 

The dependent variable is a binary variable that takes the value of one if the borrower defaults within 

the full observation period after loan origination, where the default is defined as failure to repay the 

installments for three consecutive months. The variable of interest is the RelationshipDuration. We 

control for Male, Married, Loan to Value, Bounced Check, Default in Previous Loans, and Effective 

Rate. We also include Job and Education fixed effects. They are jointly significant; however, for 

brevity, we do not report their coefficients. The error term is clustered at the city level in all models. 

Standard errors are calculated using the Delta method. Please refer to Appendix A1 for variable 

definitions. ***, ** and * indicate significance at 1%, 5% and 10%, respectively. 

 

  



64 

 

Table 14: Average Marginal Effects of LPM, Probit, and Logit Regressions for 6-Month and 

12-Month Default Horizons 
    

 6-Month 
 

12-Month 

 (1) (2) (3) 
 

(4) (5) (6) 

  LPM Probit Logit 
 

LPM Probit Logit 

Borrower’s Relationship    
 

   

         RelationshipDummy -0.0333*** -0.0302*** -0.0289***  -0.0488*** -0.0504*** -0.0485*** 
 (0.0052) (0.0050) (0.0049)  (0.0048) (0.0053) (0.0053) 
        

Borrower’s Characteristics        

         Male 0.0104** 0.0051 0.0054  0.0050 0.0018 0.0039 
 (0.0043) (0.0041) (0.0040)  (0.0046) (0.0046) (0.0043) 
        

         Married 0.0027 -0.0015 0.000003  0.0182** 0.0164** 0.0172** 
 (0.0120) (0.0104) (0.0098)  (0.0090) (0.0079) (0.0076) 
        

Borrower’s Risk Measures        

         Loan to Value 0.0003** 0.0002** 0.0003***  -0.0006*** -0.0007*** -0.0006*** 
 (0.0001) (0.0001) (0.0001)  (0.0001) (0.0001) (0.0001) 
        

         Bounced Check 0.130*** 0.152*** 0.160***  0.131*** 0.174*** 0.193*** 
 (0.0144) (0.0175) (0.0196)  (0.0089) (0.0112) (0.0119) 
        

         Default in Previous Loans 0.234*** 0.290*** 0.299***  0.274*** 0.365*** 0.410*** 
 (0.0072) (0.0077) (0.0077)  (0.0064) (0.0096) (0.0121) 
        

         Effective Rate -0.212*** -0.176*** -0.172***  -0.0280*** -0.0305*** -0.0306*** 
 (0.0058) (0.0019) (0.0017)  (0.00268) (0.00288) (0.0029) 

Job Yes Yes Yes 
 

Yes Yes Yes 

Education Yes Yes Yes 
 

Yes Yes Yes 

N 31,025 31,025 31,025 
 

47,460 47,454 47,454 

R2 (Pseudo R2) 0.365 0.388 0.394 
 

0.103 0.118 0.118 

F (Wald Chi2) 211.23 6368.67 5515.91 
 

140.87 3701.55 3232.14 
        

This table exhibits the average marginal effects resulted from Equation (1) using the LPM, probit, and 

logit estimations. In the first three columns, the dependent variable is a binary variable that takes the 

value of one if the borrower defaults within the first 6 months from loan origination, and zero otherwise. 

In columns (4) to (6), the dependent variable takes the value of one if the borrower defaults within the 

first 12 months from loan origination. In all columns, the default is defined as failure to repay the 

installments for three consecutive months. The variable of interest is RelationshipDummy. We control 

for Male, Married, Loan to Value, Bounced Check, Default in Previous Loans, and Effective Rate. We 

also include Job and Education fixed effects. They are jointly significant; however, for brevity, we do 

not report their coefficients. The error terms are clustered at the city level in all models. The standard 

errors are calculated using the Delta method. Please refer to Appendix A1 for variable definitions. ***, 

** and * indicate significance at 1%, 5% and 10%, respectively. 
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Table 15: Results of LPM, Probit, and Logit – Alternative Measure of Relationship 
    

 (1) (2) (3) 

 LPM Probit Logit 

  Borrower’s Relationship    

   RelationshipDuration (Years) -0.0032*** -0.0031*** -0.0033*** 

 (0.0003) (0.0003) (0.0003) 

  Borrower’s Characteristics    

   Male 0.0029 0.0036 0.0035 

 (0.0027) (0.0027) (0.0027) 

   Married 0.0026 0.0031 0.0031 

 (0.0057) (0.0059) (0.0059) 

  Borrower’s Risk Measures    

   Loan to Value 0.0004*** 0.0004*** 0.0004*** 

 (0.00008) (0.00008) (0.00008) 

   Bounced Check 0.169*** 0.149*** 0.151*** 

 (0.0113) (0.0093) (0.0093) 

   Default in Previous Loans 0.511*** 0.397*** 0.379*** 

 (0.0067) (0.0044) (0.0042) 

   Effective Rate -0.0725*** -0.0770*** -0.0757*** 

 (0.0026) (0.0027) (0.0028) 
    

  Job Yes Yes Yes 

  Education Yes Yes Yes 

  N 146,242 146,242 146,242 

  R2 (Pseudo R2) 0.197 0.163 0.162 

  F (Wald Chi2) 338.00 7837.95 6944.23 
    

This table exhibits the average marginal effects resulted from Equation (1) using the LPM, probit, and 

logit estimations. The dependent variable is a binary variable that takes the value of one if the borrower 

defaults within the full observation period after loan origination, where the default is defined as failure 

to repay the installments for three consecutive months. The variable of interest is the 

RelationshipDuration. We control for Male, Married, Loan to Value, Bounced Check, Default in 

Previous Loans, and Effective Rate. We also include Job and Education fixed effects. They are jointly 

significant; however, for brevity, we do not report their coefficients. The error term is clustered at the 

city level in all models. Standard errors are calculated using the Delta method. Please refer to Appendix 

A1 for variable definitions. ***, ** and * indicate significance at 1%, 5% and 10%, respectively. 
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Table 16: Average Marginal Effects for Hard-Default Failure Event 
    

 (1) (2) (3) 

 LPM Probit Logit 

  Borrower’s Relationship    

RelationshipDummy -0.0169*** -0.0164*** -0.0173*** 

 (0.00242) (0.00188) (0.0018) 

  Borrower’s Characteristics    

Male -0.0057*** -0.0035** -0.0048*** 

 (0.0015) (0.0013) (0.0014) 

Married -0.0023 -0.0016 -0.0020 

 (0.0020) (0.0020) (0.0021) 

  Borrower’s Risk Measures    

Loan to Value 0.00005 0.00005 0.00004 

 (0.0000452) (0.0000456) (0.0000460) 

Bounced Check 0.0845*** 0.0515*** 0.0475*** 

 (0.0088) (0.0039) (0.0039) 

Default in Previous Loans 0.215*** 0.113*** 0.110*** 

 (0.0063) (0.0028) (0.0027) 

Effective Rate -0.0225*** -0.0258*** -0.0249*** 

 (0.0017) (0.0011) (0.0011) 
    

  Job Yes Yes Yes 

  Education Yes Yes Yes 

  N 129,161 129,161 129,161 

  R2 (Pseudo R2) 0.1181 0.191 0.190 

  F (Wald Chi2) 48.80 4763.87 5143.32 
    
    

This table exhibits the average marginal effects resulted from Equation (1) using the LPM, probit, and 

logit estimations. The dependent variable is a binary variable that takes the value of one if the borrower 

defaults within the full observation period after loan origination, where the default is defined as failure 

to repay the installments for six consecutive months. The variable of interest is RelationshipDummy. 

We control for Male, Married, Loan to Value, Bounced Check, Default in Previous Loans, and Effective 

Rate. We also include Job and Education fixed effects. They are jointly significant; however, for 

brevity, we do not report their coefficients. The error terms are clustered at the city level in all models. 

The standard errors are calculated using the Delta method. Please refer to Appendix A1 for variable 

definitions. ***, ** and * indicate significance at 1%, 5% and 10%, respectively.  
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Table 17: The Marginal Effects of Prior Relationships – The Role of Religiosity 
      

 (1) (2) (3) (4) (5) 

 200m 300m 400m 500m 600m 

RelationshipDummy -0.0322*** -0.0293*** -0.0289*** -0.0295*** -0.0325*** 

 (0.00399) (0.00460) (0.00487) (0.00495) (0.00549) 

      

NM -0.0001 0.00296 0.00129 -0.00006 -0.00103 

 (0.00663) (0.00357) (0.00254) (0.00222) (0.00156) 

      

RelationshipDummy × NM -0.0143* -0.0121*** -0.00769*** -0.00437** -0.00145 

 (0.00775) (0.00360) (0.00270) (0.00197) (0.00163) 

      

Male 0.00451 0.00456 0.00459 0.00461 0.00458 

 (0.00464) (0.00463) (0.00466) (0.00466) (0.00466) 

      

Married 0.0196*** 0.0195*** 0.0196*** 0.0196*** 0.0196*** 

 (0.00555) (0.00561) (0.00561) (0.00561) (0.00558) 

      

Loan to Value 0.0005*** 0.0005*** 0.0005*** 0.0005*** 0.0005*** 

 (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) 

      

Bounced Check 0.174*** 0.175*** 0.175*** 0.174*** 0.174*** 

 (0.0253) (0.0253) (0.0253) (0.0253) (0.0252) 

      

Default in Previous Loans 0.476*** 0.476*** 0.476*** 0.476*** 0.476*** 

 (0.0177) (0.0177) (0.0177) (0.0178) (0.0177) 

      

Effective Rate -0.0507*** -0.0507*** -0.0507*** -0.0508*** -0.0508*** 

 (0.00143) (0.00144) (0.00144) (0.00148) (0.00148) 

Job Yes Yes Yes Yes Yes 

Education Yes Yes Yes Yes Yes 

N 27,918 27,918 27,918 27,918 27,918 

R2 0.0918 0.0918 0.0918 0.0918 0.0918 

F 210.22 211.02 210.51 213.11 215.05 
      

      

This table exhibits the average marginal effects resulted from Equation (8) using the linear probability 

model. The dependent variable is a binary variable that takes the value of one if the borrower defaults 

within the full observation period after loan origination, where the default is defined as failure to repay 

the installments for three consecutive months. The variable of interest is the interaction term between 

RelationshipDummy and number of mosques inside circles with different radii (NM). Columns 1 to 5 

represent the analyses for circles with radii of 200m to 600m. We control for Married, Neighborhood 

Home Price, Loan to Value, Bounced Check, Default in Previous Loans, Effective Rate. We also include 

Job and Education fixed effects. They are jointly significant; however, for brevity, we do not report 

their coefficients. Standard errors are calculated using the Delta method. Please refer to Appendix A1 

variable definitions. ***, ** and * indicate significance at 1%, 5% and 10%, respectively.  
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Table 18: The Marginal Effects of Prior Relationship – The Role of Gender 
  
    

 (1) (2) (3) 

   LPM Probit Logit 

  RelationshipDummy -0.0308*** -0.0319*** -0.0315*** 

 (0.0080) (0.0077)       (0.0085) 

  Male 0.0173*** 0.0181*** 0.0180** 

 (0.0050) (0.0050)       (0.0051) 

  RelationshipDummy × Male -0.0229** -0.0232** -0.0241** 

 (0.0091) (0.0095) (0.0099) 

  Married 0.0178*** 0.0185*** 0.0181*** 

 (0.00636) (0.00640) (0.00682) 

  Loan to Value 0.00058*** 0.00056*** 0.00055*** 

 (0.000158) (0.000149) (0.000153) 

  Bounced Check 0.134*** 0.115*** 0.110*** 

 (0.0395) (0.0280) (0.0278) 

  Default in Previous Loans 0.453*** 0.315*** 0.296*** 

 (0.0239) (0.0150) (0.0139) 

  Effective Rate -0.0527*** -0.0558*** -0.0546*** 

 (0.00162) (0.00186) (0.00193) 

  Home Price 0.0514*** 0.0531*** 0.0555*** 

 (0.0193) (0.0193) (0.0197) 

  Job Yes Yes Yes 

  Education Yes Yes Yes 

  N 26,574 26,553 26,553 

  R2 (Pseudo R2) 0.088 0.084 0.082 

  F (Wald Chi2) 95.43 2736.75 2568.84 
    

This table exhibits the average marginal effects resulted from Equation (9) using the LPM, probit, and 

logit estimations. The dependent variable is a binary variable that takes the value of one if the borrower 

defaults within the full observation period after loan origination, where the default is defined as failure 

to repay the installments for three consecutive months. The variable of interest is the interaction term 

between RelationshipDummy and Male. We control for Married, Neighborhood Home Price, Loan to 

Value, Bounced Check, Default in Previous Loans, Effective Rate. We also include Job and Education 

fixed effects. They are jointly significant; however, for brevity, we do not report their coefficients. 

Standard errors are calculated using the Delta method. Please refer to Appendix A1 variable definitions. 

***, ** and * indicate significance at 1%, 5% and 10%, respectively. 
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Table 19: The Marginal Effects of Prior Relationship – The Role of Marital Status 
  
    

 (1) (2) (3) 

 LPM Probit        Logit 

  RelationshipDummy -0.0359** -0.0372** -0.0376** 

 (0.0165) (0.0157)       (0.0167) 

  Male 0.00891** 0.00979** 0.00955** 

 (0.00430) (0.00410) (0.00437) 

  Married 0.0211** 0.0218** 0.0211** 

 (0.0100) (0.0101)       (0.0107) 

  RelationshipDummy × Married -0.0095 -0.0094 -0.0090 

 (0.0127) (0.0126) (0.0132) 

  Loan to Value 0.00057*** 0.00056*** 0.00055*** 

 (0.00016) (0.00015) (0.00016) 

  Bounced Check 0.134*** 0.115*** 0.110*** 

 (0.0396) (0.0281) (0.0279) 

  Default in Previous Loans 0.452*** 0.314*** 0.295*** 

 (0.0241) (0.0151) (0.0140) 

  Effective Rate -0.0527*** -0.0558*** -0.0545*** 

 (0.00162) (0.00186) (0.00192) 

  Home Price 0.0519*** 0.0535*** 0.0559*** 

 (0.0194) (0.0194) (0.0197) 

  Job Yes Yes Yes 

  Education Yes Yes Yes 

  N 26,574 26,553 26,553 

  R2 (Pseudo R2) 0.088 0.084 0.082 

  F (Wald Chi2) 88.81 2548.80 2407.15 
    

This table exhibits the average marginal effects resulted from Equation (10) using the LPM, probit, and 

logit estimations.  The dependent variable is a binary variable that takes the value of one if the borrower 

defaults within the full observation period after loan origination, where the default is defined as failure 

to repay the installments for three consecutive months. The variable of interest is the interaction term 

between RelationshipDummy and Married. We control for Married, Neighborhood Home Price, Loan 

to Value, Bounced Check, Default in Previous Loans, Effective Rate. We also include Job and Education 

fixed effects. They are jointly significant; however, for brevity, we do not report their coefficients. The 

error term is clustered at the city level in all models. Standard errors are calculated using the Delta 

method. Please refer to Appendix A1 for the definition of the variables. ***, ** and * indicate 

significance at 1%, 5% and 10%, respectively.  
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Appendix A1. Variable Descriptions 

  Variable Description 
  

  3-Month Default 
A dummy variable that takes the value of one if a borrower fails to make 

mortgage repayments for three consecutive months. 

  6-Month Default 
A dummy variable that takes the value of one if a borrower fails to make 

mortgage repayments for six consecutive months. 

  RelationshipDummy 
A dummy variable that takes the value of one if a borrower has a savings 

or current account prior to mortgage origination date. 

  RelationshipDuration 
The number of years having a savings or current account prior to 

mortgage origination date. 

  Male A dummy variable that takes the value of one if a borrower is male. 

  Married A dummy variable that takes the value of one if a borrower is married. 

  Loan to Value The ratio of a loan to the value of its collateral. 

  Bounced Check 
A dummy variable that takes the value of one if a borrower has a history 

of bounced check with any bank in Iran. 

  Default in Previous Loans 
A dummy variable that takes the value of one if a borrower has a default 

record in her history with any bank in Iran. 

  Effective Rate 
The effective rate of a mortgage loan. It consists of the nominal interest 

rate of the loan and average market price of purchased mortgage paper.  

  Job 

A categorical variable which specifies the borrower’s job category. The 

jobs in our data are categorized into major groups such as engineer, 

worker, manager, farmer, etc. 

  Education 

A categorical variable which specifies the borrower’s education level. 

The levels of education are categorized into major groups such as 

elementary school, high school, bachelor’s degree, master’s degree, and 

the PhD. 

  Home Price 

The average home price per square meter in the borrower’s 

neighborhood, calculated with the accuracy of the 5-digit Zip code. This 

data is reported monthly by the Ministry of Roads and Urban 

Development. 

This table presents the description of the variables used in this study.  
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Appendix A2. Proportional Hazard Assumption Tests 

In this appendix, we investigate whether the proportional hazards assumption holds (Hosmer 

et al., 2008). This assumption posits that the hazard ratios for the covariates remain constant 

over time, while the hazard rates are allowed to vary over time. Violation of this assumption in 

Cox regression analysis can result in biased estimates (Kuitunen et al., 2021). We utilize 

graphical methods for our investigation. 

First, we follow graphical methods suggested in the literature for evaluating the proportionality 

of hazards for the categorical variables (Cleves et al., 2008). We compare the observed and 

predicted survival curves based on our Cox regression model. The observed survival curves 

represent the actual default behavior, while the predicted survival curves are derived from the 

Cox model. The results are depicted in Figure A2.1. 

[Insert Figure A2.1 About Here] 

The alignment between the observed and predicted survival curves for all variables is notably 

strong, indicating that our Cox regression model effectively captures the default patterns. 

However, it is worth noting that the curve for borrowers with a recorded bounced check 

displays a slight deviation from perfect alignment, although it remains within an acceptable 

range. Overall, the close correspondence between the observed and predicted survival curves 

supports the validity of the proportional hazards assumption and the hazard ratios have 

successfully passed the test of comparing observed and predicted survival probabilities. 

Next, we plot an estimate of – ln(- ln Ŝ(t)) versus ln(t) for each level of categorical covariates 

in the equation, including RelationshipDummy, Male, Married, Bounced Check, and Default 

in Previous Loans, where Ŝ(t) is the Kaplan-Meier estimate of the survivor function. 

Figure A2.2 exhibits the results for categorical variables related to borrowers’ characteristics 

and risk measures including RelationshipDummy, Male, Married, Bounced Check, and Default 

in Previous Loans. Observing parallel curves in the log-log plots or survival curves indicates 

that the hazard ratio for the variable is constant over time, validating the proportional hazards 

assumption in the Cox regression model. 

[Insert Figure A2.2 About Here] 

A limitation of Figure A2.2 lies in its failure to address whether the effect of each variable 

remains constant when other variables are included in the model. Thus, further investigation is 

warranted to obtain separate graphs for each variable conditioned on other variables in the 

model. Figure A2.3 provides evidence that the effects of other included variables are controlled 

for, enhancing the robustness of the analysis. The consistency in the parallelism of the curves 
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observed in Figure A2.3 re-affirms the reliability of this test. This strengthens our confidence 

in the proportional hazards assumption. 

[Insert Figure A2.3 About Here] 

Additionally, we plot the scaled Schoenfeld residual (Schoenfeld, 1982) as an alternative test 

for the proportional hazards assumption, introduced by Grambsch and Therneau (1994). This 

approach essentially analyzes the presence of a non-zero slope in a generalized linear 

regression of the scaled Schoenfeld residuals plotted against time. It offers a reliable means of 

assessing whether hazard ratios remain constant over time, thereby confirming the assumptions 

inherent in the Cox regression model. 

Figure A2.4 depicts the results. The smoothed residual curve demonstrates a consistent slope 

of zero over time, indicating that the hazard ratios remain constant. This provides further 

validation of the Cox regression model and reinforces our confidence in its ability to accurately 

model the relationship between covariates and survival times. 

[Insert Figure A2.4 About Here] 

In conclusion, using a comprehensive array of graphical methods, we evaluate the consistency 

of hazard ratios over time. The results of our assessments indicate that the hazard ratios for all 

covariates remain constant over time. Therefore, we conclude that the proportional hazards 

assumption holds for the Cox regression model employed in our analysis. This suggests that 

the interpretation of hazard ratios remains valid, and the Cox regression results are reliable for 

predicting default behavior in our study. 
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Figure A2.1: Test of Proportional Hazards Assumptions for Categorical Variables – 

Comparison between the Observed and Predicted Survival Probabilities 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

This figure presents a series of graphs that assess the proportional hazards assumption. They examine 

the similarity of observed and predicted survival probabilities for several categorical variables. The 

observed survival probability is depicted by the straight lines, whereas the predicted survival probability 

is represented by the curved lines. The y-axis represents the predicted and observed survival 

probabilities, while the x-axis shows the analysis month. Each graph focuses on a single categorical 

variable, indicated in the top of each graph.  
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Figure A2.2: Test of Proportional Hazards Assumptions for Categorical Variables – Log-Log 

Survival Probability 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

This figure presents a series of graphs that assess the proportional hazards assumption for several 

categorical variables in a Cox proportional hazards model for borrowers with prior relationships and 

those without prior relationships. The y-axis represents the negative log-transformed of the negative log 

of the survival probability (ln(-ln(-S(t)))). The x-axis shows the natural log of the analysis month 

(ln(analysis month)). Each graph focuses on a single categorical variable, indicated in the top right 

corner of each graph. 
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Figure A2.3: Test of Proportional Hazards Assumptions for Categorical Variables – Adjusted 

Log-Log Survival Probability 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

This figure presents a series of graphs that assess the proportional hazards assumption for several 

categorical variables in a Cox proportional hazards model. The y-axis represents the adjusted 

(ln(-ln(-S(t)))). This transformation is used to assess the proportional hazards assumption graphically, 

after adjusting for the effects of other variables included in the Cox model. The x-axis shows the natural 

log of the analysis month (ln(analysis month)). Each graph focuses on a single categorical variable, 

indicated in the top right corner of each panel. 
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Figure A2.4: Test of Proportional Hazards Assumptions – Graphical Scaled Schoenfeld 

Residual 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

This figure presents a series of graphs that assess the proportional hazards assumption for several 

variables in a Cox proportional hazards model. The y-axis represents the scaled Schoenfeld residuals 

and the x-axis shows the analysis time (months). Each graph focuses on a single variable, with the 

variable name in the title at the top. 
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Appendix A3. Machine Learning Methods - Performance Evaluation 

To evaluate the performance of the models on the test set, we employ several metrics, with a 

primary focus on the Receiver Operating Characteristic (ROC) curve. The ROC curve provides 

a visual representation of the trade-off between the true positive rate (TPR) and the false 

positive rate (FPR) across varying probability thresholds for predicting defaults. A crucial 

summary statistic derived from the ROC curve is the Area Under the Curve (AUC), as 

highlighted by Bradley (1997). The AUC serves as an indicator of model effectiveness, with 

higher values denoting superior performance. Specifically, a higher AUC suggests that a higher 

TPR for any given FPR, and therefore, a more accurate classification of defaults.  

The AUC, while a valuable metric, has limitations, particularly in datasets with a low 

prevalence of defaulters, where false positive rates (FPRs) are naturally low (Davis and 

Goadrich, 2006). This can make the AUC less informative in such contexts. To provide a more 

nuanced evaluation, we also compute the Precision and Recall for each model. Precision, 

defined as P(y = 1| ŷ = 1), measures the proportion of positive predictions that are true 

defaulters. Recall, defined as P( ŷ  = 1| y = 1), represents the proportion of actual defaulters that 

the model correctly identifies. We use these metrics to construct Precision-Recall curves, which 

plot Precision against Recall over varying probability thresholds. To summarize these curves, 

we calculate the average Precision score, offering a weighted mean that balances Precision and 

Recall.  

Figure A3.1 illustrates the performance of four models – logit, XGBoost, random forest, and 

neural network – on the test dataset, showcasing their ROC and Precision-Recall curves. The 

ROC AUC scores indicate that XGBoost achieve the highest performance with an AUC of 

0.7603, followed by the neural network with 0.7512, logit with 0.7434, and random forest with 

0.7316. This suggests that XGBoost is the most effective at distinguishing between positive 

and negative classes, while random forest performs the least well in this regard. 

[Insert Figure A3.1 About Here] 

In terms of Precision-Recall curves (Panel B), XGBoost also leads with an average precision 

(AP) score of 0.5765, slightly ahead of the neural network with an AP of 0.5663. Logit and 

random forest show lower AP scores of 0.5550 and 0.5479, respectively. These results indicate 

that XGBoost not only has the best capability for separating classes but also maintains a higher 

precision when the model predicts positive outcomes. The neural network, while close to 

XGBoost in AP, falls short in ROC AUC compared to XGBoost. Overall, XGBoost 

demonstrates superior performance in both metrics, highlighting its robustness in handling the 

classification task. 

We also evaluate the models using the Brier Score and R-squared (R2). The Brier Score 

measures the average squared error of predictions, with a lower score indicating better model 
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accuracy. Meanwhile, the R2 statistic represents the proportion of variance in the dependent 

variable that is explained by the model, calculated as one minus the ratio of the sum of squared 

residuals from the model to the sum of squared residuals from a model predicting the mean of 

the target variable. A higher R2 value signifies a greater portion of the variability in the data is 

accounted for by the model. 

Table A3.1 presents the performance metrics – including ROC AUC, Average Precision Score 

(AP), Brier Score, and R2 – for the logit, random forest, XGBoost, and neural network models. 

The comparison of performance metrics reveals that XGBoost and neural network models 

exhibit better predictive accuracy and model fit compared to logit and random forest. As shown 

in column (3), XGBoost achieves the lowest Brier Score of 0.1518, and as indicated in column 

(4), it also has the highest R-squared value of 0.2121, demonstrating its superior performance 

in minimizing prediction errors and explaining the variance in the data. The neural network 

model similarly performs well, with a Brier Score of 0.1526 and an R-squared of 0.2079. In 

contrast, both logit and random forest exhibit higher Brier Scores and lower R-squared values, 

with logit at 0.1563 and 0.1890, and random forest at 0.1581 and 0.1795. These results suggest 

that XGBoost and neural network are more effective at leveraging the training data to produce 

more accurate predictions. 

[Insert Table A3.1 About Here] 
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This figure shows the Receiver Operating Characteristic (Panel A) and Precision-Recall curves (Panel 

B) as performance metrics for logit, random forest, XGBoost, and neural network methods.  

  

A) Receiver Operating Characteristic B) Precision-Recall 

Figure A3.1: Receiver Operating Characteristic and Precision-Recall Curves 
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Table A3.1: Performance Metrics of Statistical Technologies 

     

  Model ROC AUC 
Average 

Precision Score 
Brier Score R2 

  Logit 0.7434 0.5550 0.1563 0.1890 

  Random Forest 0.7316 0.5479 0.1581 0.1795 

  XGBoost 0.7603 0.5765 0.1518 0.2121 

  Neural Networks 0.7507 0.5663 0.1526 0.2080 
     

     

Table displays the performance metrics for logit, random forest, XGBoost, and neural network models. 

The metrics include ROC AUC, Average Precision Score, Brier Score, and R-squared (R²). For ROC 

AUC, Average Precision Score, and R² higher values indicate better predictive accuracy and model-fit. 

Conversely, for the Brier Score, lower values reflect better accuracy, as it measures the average squared 

prediction error with lower scores indicating fewer prediction errors. 
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Appendix A4. Summary Statistics of Neighborhoods’ Home Price Per Square Meter at 

Tehran’s Municipal Districts 
  

      

Tehran’s Municipal 

District 
Mean  Min Max SD N 

1 733.8 262.50 1,427.52 301.33 1,583 

2 840.4 289.97 1,400.00 251.24 2,141 

3 911.3 273.58 1,431.38 258.80 708 

4 662.9 256.52 1,432.06 199.39 2,069 

5 750.5 267.83 1,425.00 196.73 3,219 

6 756.3 260.10 1,432.67 239.70 827 

7 600.1 277.27 1,385.10 186.21 1,245 

8 657.0 257.20 1,425.00 172.69 1,516 

9 500.3 270.32 1,159.09 136.20 1,017 

10 476.9 254.58 1,200.00 114.08 2,465 

11 492.2 265.89 1,365.78 155.04 1,451 

12 439.8 255.00 1,327.83 155.07 867 

13 555.9 270.00 1,352.04 153.52 1,193 

14 512.8 256.70 956.10 117.19 1,392 

15 435.3 255.87 1,050.00 129.11 1,425 

16 397.4 257.13 975.14 98.31 356 

17 392.9 256.95 856.48 89.32 1,077 

18 364.5 254.96 1,249.84 93.32 913 

19 460.7 260.53 1,430.00 238.29 275 

20 449.7 260.00 1,399.80 164.88 113 

21 525.7 261.51 864.64 95.52 654 

22 657.4 271.88 1,292.54 191.08 530 
      

This table provides a summary statistics of home prices per square meter in $ across different district 

zones in Tehran, Iran. The statistics include the mean, minimum, maximum, standard deviation (SD), 

and the number of observations (N) for each zone. The city of Tehran is divided into 22 municipal 

districts, each with its own administrative center. 
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Appendix A5. Marginal Effects of Prior Relationships on Loan Default at Different 

Home Prices 
 

      

At Home Price 

($ per m2) 

Relationship 

Marginal Effect 

Delta-Method 

SE 

Z P-Value   [95% conf. interval] 

    

250 -0.0285 0.00860 -3.31 0.000 -0.0453 -0.0116 

300 -0.0306 0.00797 -3.84 0.000 -0.0463 -0.0150 

350 -0.0328 0.00734 -4.47 0.000 -0.0472 -0.0185 

400 -0.0351 0.00672 -5.22 0.000 -0.0483 -0.0219 

450 -0.0374 0.00611 -6.13 0.000 -0.0494 -0.0254 

500 -0.0397 0.00551 -7.21 0.000 -0.0506 -0.0289 

550 -0.0421 0.00496 -8.49 0.000 -0.0519 -0.0324 

600 -0.0446 0.00447 -9.97 0.000 -0.0533 -0.0358 

650 -0.0471 0.00408 -11.53 0.000 -0.0551 -0.0391 

700 -0.0496 0.00383 -12.96 0.000 -0.0571 -0.0421 

750 -0.0522 0.00376 -13.89 0.000 -0.0595 -0.0448 

800 -0.0548 0.00389 -14.1 0.000 -0.0624 -0.0472 

850 -0.0575 0.00422 -13.64 0.000 -0.0657 -0.0492 

900 -0.0602 0.00471 -12.78 0.000 -0.0694 -0.0510 

950 -0.0630 0.00533 -11.81 0.000 -0.0734 -0.0525 

1,000 -0.0658 0.00606 -10.86 0.000 -0.0777 -0.0539 

1,050 -0.0686 0.00686 -10.01 0.000 -0.0821 -0.0552 

1,100 -0.0715 0.00771 -9.28 0.000 -0.0867 -0.0564 

1,150 -0.0745 0.00862 -8.64 0.000 -0.0914 -0.0576 

1,200 -0.0775 0.00956 -8.1 0.000 -0.0962 -0.0587 

1,250 -0.0805 0.01054 -7.64 0.000 -0.1012 -0.0598 

1,300 -0.0836 0.01155 -7.24 0.000 -0.1062 -0.0609 

1,350 -0.0867 0.01259 -6.89 0.000 -0.1114 -0.0620 

1,400 -0.0899 0.01365 -6.58 0.000 -0.1166 -0.0631 

1,450 -0.0931 0.01473 -6.32 0.000 -0.1219 -0.0642 
       

This table presents the marginal effects of having prior relationships with the bank on the likelihood of 

default at different neighborhoods home prices per square meter in $. The results are obtained from 

estimating the Equation (4) using logit regression. The table includes the marginal effect, Delta-method 

standard error (SE), Z-value, P-value, and the 95% confidence interval for the marginal effect. 
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Appendix A6. Summary Statistics of the Number of Mosques within Circles of Different 

Radii around Borrowers’ Neighborhood Centers 
      

 Mean SD Min Max N 

100m Circle 0.05 0.25 0.00 4.00 28,430 

200m Circle 0.20 0.48 0.00 6.00 28,430 

300m Circle 0.48 0.81 0.00 8.00 28,430 

400m Circle 0.81 1.13 0.00 12.00 28,430 

500m Circle 1.28 1.58 0.00 22.00 28,430 

600m Circle 1.80 2.02 0.00 28.00 28,430 
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