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ABSTRACT: There are over 63 million MSMEs (micro, small, and medium enterprises) in India, and most of them depend on 
loans to sustain and grow. This paper identifies the key determinants of timely repayment of loans by MSMEs by examining data 
obtained from a Non-Banking Financial Company (NBFC) based in South India focused on lending to micro businesses. I find 
that backward caste-owned businesses have repaid their loans slightly better than general caste-owned businesses. Furthermore, 
default rates increased as a consequence of COVID-19. Even in the Post Covid analysis, backward caste-owned businesses have 
repaid their loans better. Even while estimating the loan outcomes in relative terms, I find that the effect continues to be of 
economic significance. A positive selection of lower caste borrowers cannot explain these results. This finding is important. While 
approval of loans might still suffer from biases against backward castes, this paper shows that purely based on on-time repayment 
track record; lenders would do well to lend to backward caste-owned businesses.  
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�   Introduction
There are over 63 million MSMEs (micro, small, and medi-

um enterprises) in India¹, which cumulatively account for over 
30% of the country’s GDP² and employ more than 110 million 
people. According to the definition laid out by the Govern-
ment of India, a micro business is characterized by “investment 
in plant and machinery or equipment of not more than INR 
10 million (~125,000 USD) and annual sales turnover of not 
more than INR 50 million (~630,000 USD). The vast majori-
ty of these businesses (~96%) are proprietary concerns (owned 
and operated by the same individual), unregistered, do not have 
high-quality documentation or record keeping, do not file tax-
es, and for the most part, do not have any traditional credit 
scores/ formal credit risk metrics associated with them. A 2019 
Asian Development Bank Institute study³ reveals that in In-
dia, nearly 80% of people don’t have formal credit scores and 
that such lack of credit scoring for individuals often extends 
to small businesses that individual proprietors set up. Setting 
up these small businesses most often happens with family sav-
ings or borrowing from friends and family. Even when these 
businesses need access to capital for operations, working cap-
ital, etc., their first resort is to reach out to their community 
networks.⁴ In an important essay, The Economic Lives of the 
Poor, Nobel laureates Banerjee and Duflo point out that “the 
data from our 13 countries suggests that the fraction of rural, 
extremely poor households having an outstanding debt varies 
between countries, from 11 percent in rural East Timor to 
93 percent in Pakistan. But across the surveys, very few poor 
households get loans from a formal lending source.”⁵ 

For poor households who set up micro-businesses, accessing 
formal loans is often a last resort. Therefore, this creates a cycle 

where many of them have no credit history that can be tracked 
by a credit rating agency and therefore find it difficult to re-
ceive credit from formal sources. In 2016, the credit rating firm 
Moody’s published a whitepaper⁶ titled, ‘Seven Key Challenges 
in Assessing SME Credit Risk,’ reiterating similar issues. 

Researchers have studied the importance of ‘soft data’ in 
informationally opaque small businesses – such as the infor-
mation about the character and reliability of the firm's owner 
– that may be difficult to quantify, verify, and transmit through 
the layers of management and ownership of a banking orga-
nization. “The transactions-based technologies of financial 
statement lending, asset-based lending, and credit scoring are 
based primarily on quantitative financial ratios, collateral ra-
tios, and credit scores, respectively. Relationship lending, in 
contrast, allows informationally opaque small businesses with-
out strong financial ratios, collateral, or credit scores to obtain 
bank financing by augmenting relatively weak hard informa-
tion with soft information gained through contact over time.”⁷

All of this complicates lending decisions, often requiring 
loan officers to use a wide variety of proxies to determine cred-
itworthiness. Lending institutions also, therefore, depend on 
collateral as a way of ensuring that they exert substantial pres-
sure on the borrowers to repay loans on time. 

With about 110 million people employed in the MSME 
sector, making credit available to this sector is an important 
priority for policymakers. Economists have pointed out that 
the provision of microloans to existing businesses results in 
economically meaningful, positive effects on household busi-
nesses and consumption.⁸ 

Other social factors only compound the difficulty lending to 
micro businesses in India. As Table 1 shows, more than two-
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thirds of MSME businesses in India are owned by individuals 
belonging to the so-called ‘backward’ castes (Scheduled caste 
– SC, Scheduled tribe – ST, Other backward caste – OBC).

It is well-documented that caste-based discrimination is 
widespread in India.⁹ This age-old categorization is still preva-
lent in modern India.¹⁰ This discrimination has often extended 
to the provision of formal credit. There is a growing body of 
literature that discusses such caste-based discrimination with 
regard to access to credit.¹¹ Existing literature has examined 
the effects of ‘taste-based’ discrimination, in which discrimi-
nation occurs purely based on race, caste, or such attribute, and 
also ‘statistical discrimination’ accounting for creditworthiness 
or other objective criteria.¹² 

A relatively underexplored aspect of lending to micro busi-
nesses is the determinants of on-time repayment. In addition 
to the financial metrics, the micro business provides, lenders 
collect several other parameters, such as demographic data, ed-
ucation, marital status, type of business, the purpose of loans, 
etc., as part of their credit assessment methods. They often 
combine this with other qualitative factors, which they gather 
through informal inquiries about the borrower’s social stand-
ing and ability to pay. 
Some useful studies attempt to associate various character-

istics of borrowers with the ability to repay loans. Empirical 
research from several parts of Africa provides interesting in-
sights into this. Education came up as a significant determinant 
of on-time repayment of loans in a study conducted in Ethio-
pia.¹³ The experience of the entrepreneur running the business 
also came up as an important determinant for loan repay-
ment.¹⁴ Using behavioral science experiments to nudge loan 
repayments in the Philippines, researchers found that text 
message reminders are useful only when they include the ac-
count officer’s name and only for clients previously serviced by 
the account officer.¹⁵
While the context of microfinance in Africa provides valuable 

insights into determinants of loan repayments, the different 
social dynamics in India, where caste is an important factor, 
warrant a special look. 
Most of the literature on caste and loans in India focuses on 

access to credit. An analysis of the 2006-2007 Fourth All India 
Census for Micro, Small, and Medium Enterprises finds that 
owners from socially disadvantaged groups have a lesser like-
lihood of receiving loan approval upon controlling for other 
factors (such as creditworthiness.)¹⁶ These results are sup-
ported by a significant body of analytical all of which indicate 
lower access to credit for borrowers from lower castes.¹⁷
One important addition to this body of research in the Indian 

context is identifying differences in loan repayment patterns 
by caste. In this paper, I analyze the repayment patterns of 

loans to micro businesses owned by general and backward 
caste borrowers to assess whether any difference in default and 
on-time repayment rates is attributable to borrowers' caste. 
The results of this paper indicate that the government policies 
which stimulate lending to lower caste communities could do 
well both for businesses and society. Furthermore, it challenges 
the stereotypes in lending institutions that preferentially lend 
to upper-caste borrowers. The paper shows that lower caste 
borrowers repay well yet do not get equal credit. This creates a 
space for policy and perspective shifts.
But before I go any further on this exploration, I would be 

remiss if I did not mention another very different approach 
to lending that might somewhat obviate the necessity of 
collecting the data that traditional lending has warranted, in-
cluding data on caste. The emergence of fintech lending has 
been an important feature for lending to individuals and small 
businesses. As the latest research points out, most SMEs are 
limited in their availability of collateral, and tighter regulation 
and higher capital requirements make long-term unsecured 
loans to SMEs unattractive to banks.¹⁸ Fintech lending pro-
vides firms with an alternative to access long-term unsecured 
financing. A recent academic paper shows that finance compa-
nies and fintech lenders increased lending to small businesses 
after the 2008 financial crisis. And by 2016, this increase had 
almost entirely offset the decrease in bank lending in the Unit-
ed States.¹⁹
�   Hypothesis
Differences in loan repayment and default rates between 

lower and general caste individuals can be due to many factors.
Positive selection within this sample could be why lower 

caste individuals might have better loan outcomes. The data 
could show this outcome because loans have been given very 
selectively to lower-caste borrowers. In Table 8, I consider this 
possibility.

A possible explanation for the opposite observation – indi-
cating that lower caste individuals have worse loan outcomes 
– could be due to exposure to business. People of general castes 
have, on average more resources, education, and exposure due 
to centuries of historical discrimination against lower-caste 
individuals. These metrics are very subjective and varied and 
cannot be tested easily. However, a variable Education has 
been controlled for in the analysis.

Another hypothesis could be that the loan's interest rate 
causing this difference in repayment. Biases may play into the 
mindsets of loan officers resulting in differential interest rates 
for similar general and lower caste borrowers. This could af-
fect both repayment and default rates. However, the data for 
interest rates is not accessible in the dataset and hence has not 
been analyzed.

All the above hypotheses are in the context that borrowers of 
lower caste are less able to access credit. There are two possible 
explanations for this. Taste-based discrimination (i.e., lenders 
have personal biases against lower castes) has been proven to 
exist in existing literature (as discussed in the section above). 
The second explanation is belief-based discrimination (i.e., 
lenders believe that lower caste borrowers do not repay well). 

Table 1: Percentage of MSME businesses owned by social category.        
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Caste:
The NBFC collates caste data into six categories. The data-

set provided contains six categories of caste – general, OBC, 
minority, SC, ST, and others. Considering that the bulk of the 
observations was distributed between General and OBC, I 
have reclassified the Caste variable into a simpler categorical 
variable with two modalities: general and non-general (back-
ward) castes. Due to the small sample of records in SC, ST, and 
Minority categories, they have been grouped with OBC under 
the ‘nongeneral’ category for the data analysis. 

Education: 
The dataset originally includes five categories of education 

(signifying the highest degree received) – school, high school, 
graduation, professional degree, post-graduation, and doctor-
ate. The education variable was notably concentrated at the 
lower end of the distribution (with 810 recipients of 1050 in 
total having just attained ‘school’ level). Therefore, I recatego-
rize the variable into two modalities: school and more than 
school.

Type of Business:
The type of business is a critical factor to control for while 

studying the relevance of various predictors on loan repay-
ment. The dataset classifies businesses broadly into eight 
categories: service, power/ auto/ handloom, trading (others), 
hotel, dairy, trading (essentials), manufacturing, and home-
based enterprise. I leave this classification untouched since the 
distribution is, for the most part, uniform across the dataset.

Loan Purpose:
The purpose of borrowing by the micro business can in-

herently have differing success rates, directly impacting the 
ability to repay the loan. The dataset from the NBFC defined 
twelve categories of loan purposes; however, over 90% of the 
loans were categorized as one of two loan purpose categories. 
The remaining minority of loans were spread between ten loan 
purpose categories. Therefore, I opt to simplify the variable by 
giving it only three modalities: business asset creation, working 
capital, and others.

Impact of COVID:
COVID was clearly an unprecedented global calamity that 

upended businesses across the world. Therefore, this paper or-
ganizes the dataset into pre-Covid and post-Covid data. For 
ease of making this distinction between these two categories, I 
assumed that all loans disbursed in any year were made in the 
month of April of that year. Then I added the tenure in months 
to each loan. For any loan that closed before April 2020, I have 
categorized it as a pre-Covid loan. Loans that were closed af-
ter April 2020 were classified as Post-Covid loans. 

This categorization is important throughout this paper 
since I will test for determinants of on-time repayment on 
both data sets. To the extent that there are differences in the 
determinants of on-time repayment in these two scenarios, the 
paper will further investigate the factors that explain these dif-
ferences.

Loan Repayment:
The data has three categories of loan repayment: on-time 

repayment, delayed repayment, and default. For clarity of anal-
ysis, I group these variables into two further categories 

This paper deals with the second explanation and demon-
strates that it is unjustifiably held in the context analyzed.

This analyzed dataset is unique because I can test the entire 
picture of the discrimination hypotheses: both the quality of 
the applicant (basic economic fields, loan outcomes) and the 
characteristics (caste) of the applicant.
�   Methods
The dataset used in this paper was acquired from a lead-

ing non-banking financial company (NBFC) based in South 
India that lends to thousands of micro-business owners in 
several states. While micro-businesses predominantly borrow 
from informal sources, there is a growing push by the govern-
ment to encourage traditional banks and NBFCs to lend to 
micro-businesses. In India, an NBFC is a company that pro-
vides specific banking services to people without a banking 
license and has separate regulations governing such entities. 
NBFCs typically rely on various credit assessment mecha-
nisms, including sector analysis of loan applicants (i.e., dairy, 
service, automobiles, etc.), income checks through non-tradi-
tional channels, background checks through references, and 
collateral. 

I obtained data for 1050 loan records from 2016 – 2021 
from one NBFC based in South India. All the loan records 
are unique – the dataset does not include any repeat borrow-
ers. The dataset comprises 350 records of defaulted loans, 
350 records of delayed repayments, and 350 records of timely 
repayments. The dataset also includes over two dozen addi-
tional parameters ranging from education level and caste to 
type of business, the purpose of the loan, EMI, total business 
liabilities, etc. These additional parameters fall into both cat-
egories of categorical variables as well as continuous variables. 

The data I have obtained is a combination of (a) the infor-
mation that loan applicants fill out as part of their application 
form and (b) the data that the NBFC collects and compiles 
as part of its loan approval process and tracking the perfor-
mance of the loan. 

This data has been randomly selected by the NBFC and 
shared with us. I do not have information about how the 
NBFC received many applications in each category and 
what percentage of applications were approved. This data is a 
sample from one NBFC, and therefore the analysis that this 
paper contains is relevant to this sample. It is unclear whether 
and how the results in the paper can be extrapolated to other 
loans or regions in India. 

The following is a detailed discussion of some important 
parameters which I use in conducting our analysis:

Table 2: Year-wise distribution of raw data.       
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From Table 3, just by comparing the default rates of OBC 
and general categories (categories where a majority of the 
counts are concentrated), I find some interesting results –- 
OBC borrowers seem to be defaulting at lower rates when 
compared to borrowers from the general category.  

To further analyze the caste factor, I grouped it with the pur-
pose of the loan. It is clear from the counts column of Table 4 
that General category borrowers have received more working 
capital loans than OBC borrowers. Based on the default col-
umn, I can also infer that, on average, working capital loans 
seem to default at higher rates than business asset creation 
loans.

I then explored whether the difference in default rates 
between business asset creation and working capital loans de-
pends on the type of business. In the total counts column of 
Table 5, I find that certain business types were more likely to 
take loans for a particular reason. For instance, in Table 5, Dairy 
businesses have a higher proportion of business asset creation 
loans, whereas Service businesses have a greater proportion of 
working capital loans. Another important observation is that 
for each business type, the default rates for business asset cre-
ation loans are lower than for working capital loans, once again 
reaffirming the results from Table 4.

The results of this descriptive analysis indicate that Caste, 
Purpose of Loan, and Type of Business may be significant pre-
dictors of loan defaults. In the following subsection, I analyze 
these variables along with additional parameters to identify the 
relevant predictors.

Timely Repayment vs. Untimely Repayment:
The regression results yield several interesting insights 

into the relevance of predictors in determining the timeliness 
of loan repayment. The difference-in-differences estimate 
between general and non-

–- Default_v1 and Default_v2. Default_v1 is a test for 
timely repayment of loans –- in this variable; I group delayed 
repayment with defaults as a single category for not on-time 
repayment. Default_v2 is a test for default of loans –- I group 
on-time and delayed repayment together to signify loans that 
do not default. I perform all our regressions on both of these 
categories and list both of the results below.

Financial Metrics:
The dataset includes various financial parameters such 

as monthly sales, monthly net income, total liabilities, loan 
amount, and EMI (Equated Monthly Installments). These 
parameters are in the form of continuous numerical variables 
and are key considerations in determining a company’s ability 
to repay loans. It is also possible to create secondary variables 
as a combination of these primary variables. For instance, in 
our analysis, I use EMI/monthly sales as an indicator in deter-
mining the capacity to repay a loan.
�   Method
One of the main objectives of this paper is to identify the 

characteristics of borrowers that are most indicative of time-
ly repayment. As a starting point, I consider the differences 
in mean outcomes of on-time repayment, delayed repayment, 
and default samples across various predictors. The predictor 
variables that I analyze include Caste, Purpose of Loan, Type 
of Business, Level of Education, PostCovid, Net Income, and 
Disbursement amount. However, some of the differences from 
simple comparisons could be due to factors associated with the 
predictors –- omitted variables. To address the possibility that 
caste is correlated with factors that affect loan repayment, I use 
ordinary least squares:

This regression controls for various factors that could be 
considered omitted variables. I control for Covid and caste in 
all regressions I perform. The control variables are loan pur-
pose, type of business, level of education, monthly sales / EMI, 
and an interaction term. Covid has been accounted for in all 
regressions because the random effects of Covid could signifi-
cantly alter the results observed due to fixed characteristics 
such as Caste. Hence, a Covid*Caste interaction term has been 
included in 4 of the regressions performed. Additionally, caste 
was found to be a significant predictor of loan repayment, and 
hence it has been accounted for in all the regressions.

With this framework, I run two sets of regressions for mea-
suring loan outcomes (Yi): First, with timely repayment as 
the outcome and then with default as the outcome variable. 
In each case, I run a set of 5 multivariate OLS regressions, 
including 2 with difference-in-differences.
�   Results and Discussion
Descriptive Analysis:
The descriptive analysis of the full dataset pointed to some 

useful ways of thinking about the analysis in this paper. I list 
some key tables from the descriptive analysis and explain some 
relevant context.

Table 3: Default rates of general and backward caste borrowers.       

Table 4: Caste and Purpose of Loan.       

Table 5: Business Type and Purpose of Loan.       
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general castes pre- and post-Covid is 0.145 (the coefficient on 
the interaction term), which is significant at the 5% level, as 
noted in Column (1). Even after making the regression condi-
tional on other factors, the interaction coefficient changes very 
little, as indicated in Column (2). This suggests that untimely 
repayment of general caste borrowers rose by 14.5% more than 
non-general caste borrowers when comparing pre-Covid and 
post-Covid data. This result indicates a differential impact of 
Covid on timely repayment rates amongst general caste bor-
rowers.

This led us to try and understand which parameters are most 
relevant in determining the timeliness of repayment in a pre-
Covid setting and then in a post-Covid setting. The results 
from the multivariate linear regression in Column (3) surpris-
ingly indicate that none of these five variables are statistically 
significant at even the 10% level. Moreover, I see that these five 
variables cumulatively only explain a mere 2.6% (referring to 
the R-squared value) of the variation in timely loan repayment. 
However, what is interesting to note, despite its insignificance, 
is that the coefficient on caste has a negative sign, suggesting 
that borrowers belonging to general castes were more likely to 
repay on time.

Now I repeat the same multivariate linear regression for a 
post-Covid world. As tabulated in column (4), the regression 
results indicate that caste is the only statistically significant (at 
a 5% level) predictor of the five variables. The coefficient on 
the caste variable implies that those belonging to general castes 
were 6.8% more likely to not repay on time (or 6.8% less likely 
to repay on time). The results from the first column (which 
suggests Covid was a significant event) motivated us to run 
a multivariate regression of timely repayment on six variables 
(five from earlier plus Covid) cumulatively on data pre- and 
post-Covid (as defined in the Data section). The results of 
the regression land not too far off from the previous ones in 
terms of coefficients. The only variable which ends up being 
significant here is Post Covid (at the 1% level). This can be 
interpreted as borrowers were 26.3% more likely to not repay 
on time in a post-Covid world. One last observation: although 
insignificant, the coefficient on the caste variable is positive.

5.2.3 Repayment vs. Default:

These regression results yield new insights into the relevance 
of various parameters in determining loan default. Column (1) 
captures a difference-in-difference regression that allows us to 
estimate the mean effect of caste as a predictor of default in 
a pre-Covid and post-Covid world. The difference-in-differ-
ence estimate is 0.119 (the coefficient on the interaction term), 
which is significant at the 5% level. This suggests that Covid 
altered the likelihood of default by The results from column 
(3) of Table 7 closely match those from column (3) in the pre-
vious table (Table 6) in that here, too, I conclude that none 
of the predictors are significant even at the 10% level. Like in 
the previous table, the coefficient on caste is also statistically 
insignificant, but the coefficient value suggests that borrowers 
belonging to general castes were 1.6% less likely to default in 
the pre-Covid sample.

Column (4) is the same multivariate linear regression, but for 
a post-Covid world. The regression results indicate that caste 
(at the 5% level) and type of business (at the 1% level) are the 
only statistically significant variables. Notably, the five variables 
account for a tiny percentage (2.7%, see R-squared) of variation 
in loan defaults. The coefficient on the caste variable implies 
that those belonging to general castes were 9% more likely to 
default. The coefficient on the type of business is less insight-
ful as it implies that moving one unit up the encoded list of 
business categories decreases the likelihood of default by an 
average of 2.8%.

In column (5), I run a cumulative regression of loan defaults 
on six variables (five of the same variables as in the previous 
two columns plus a Covid variable). The caste (5% level), type 
of business (5% level), and PostCovid (1% level) variables end 
up being significant here. This can be interpreted as follows: 
borrowers belonging to general castes were 5.8% more likely to 
default, and borrowers were 42.1% more likely to default in a 

Table 6: Regression results of timely repayment.       
Table 7: Regression results of default.       
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post-Covid world. Now the R-squared value stands out be-
cause it jumps up to a staggering 0.195, meaning these six 
variables now cumulatively explain 19.5% of the variation in 
loan defaults (much of which is being presented by the inclu-
sion of Post-Covid as a variable).

The standout observations from all these results for us are 
threefold:

(1) People of backward castes have better loan outcomes 
in the dataset. To estimate the economic significance of the 
results, I calculate the relative effect of caste on default rates. 
From Table 7, column 4, we see that general caste defaulted on 
54% of loans, while the default rate of the non-general caste 
is 45% in absolute terms. When I estimate the effect of caste 
in relative terms, I find that the default rate drops by 16.7% [= 
(45 - 54) * 100 / 54] when moving from the general caste to 
the non-general caste. This is a huge number, emphasizing the 
strength of the findings. The incredibly prevalent preference 
for general caste borrowers in lending is unjustified.

(2) Covid was a major event that impacted the timeliness 
of loan repayment. The adverse effects of COVID on loan re-
payment also seemed to be greater on general caste borrowers.

(3) The regressions indicate that the variables, especially Post 
Covid, could better explain loan defaults than timely repay-
ment.

(4) In the Pre Covid sample, on both metrics of loan repay-
ment, we find that the coefficient for the caste variable (column 
3) is negative, indicating that general caste borrowers repay 
better. However, there are two important things to note here. 
First, both the corresponding results are statistically insignifi-
cant, perhaps due to a lack of power. Second, the descriptive 
analysis (Table 4) shows that the general caste individuals seem 
to be taking a significantly larger number of working capi-
tal loans than those of lower caste individuals. Furthermore, 
certain industries (Table 5), such as services that take more 
working capital loans, seem to show a greater propensity to 
default. Perhaps the type of business could be the reason for the 
results obtained, as the Covid shock has hit different business 
types with differing intensities. Although the type of business 
has been controlled for in the multivariate regressions, that 
may be insufficient to draw a satisfactory conclusion because of 
the multiple categories, which prevents obtaining a satisfactory 
grouping of the type of business.

Based on the data given to us by the NBFC, it is not possible 
to conclusively test whether the better repayment of non-gen-
eral caste individuals is due to positive selection by the NBFC. 
However, I regress Caste against basic economic factors to 
identify if there is a significant difference in economic situa-
tions of non-general and general categories. Columns (1) and 
(2) contain OLS regressions of caste against the total liabilities 
and ratio EMI / monthly sales. The coefficients shown in both 
columns in Table 8 are very small, almost negligible, indicating 
that there does not seem to be any notable difference in the 
economic situation of the castes.

There is little evidence to show that this NBFC preferen-
tially lends to certain caste groups. However, it is important 
to note that I do not have data about loan officers' on-ground 
interaction and decision-making calculus. As a result, I cannot 
conclusively rule out the possibility of some positive selection.
�   Conclusion
Discrimination against backward castes in lending is widely 

prevalent. Numerous studies show that backward caste bor-
rowers face significant disadvantages in accessing credit. Even 
when they do get loans, it is often from exploitative informal 
sources. This has enormous implications for the millions of 
people who require micro-business loans to maintain their 
livelihoods. In my paper, I show that borrowers from backward 
castes repay loans at similar rates as general caste people, if 
not marginally better. This result is important in combating 
discriminatory access to formal lending for backward caste-
owned micro businesses.

This finding that backward caste-owned micro businesses 
repay better than general caste borrowers could have policy 
implications. The government could formulate policies that in-
centivize lenders to give more loans to micro businesses owned 
by backward caste groups. One example of such a policy could 
be in the form of a First Loss Guarantee program for borrow-
ers from backward castes. Such a policy measure could provide 
a strong signal to lenders to treat backward caste borrowers as 
creditworthy.

The continuation of this research could be to separately con-
sider the effects of the caste of the loan officer from a formal 
lender and find out if there is any preferential treatment in 
making the loan to borrowers belonging to the same caste as 
the loan officer and then compare repayment outcomes. Ad-
ditionally, using a different data source with more fields for 
analyzing positive selection to reconfirm the results of this 
paper might be useful. Furthermore, conducting this analy-
sis with the additional controls of (i) Loan interest rate and 
(ii) Tenure of loan could improve the strength of the results. 
Lastly, as digital lending through smartphone-based apps gains 
momentum globally, it would be useful to explore how purely 
data-based transaction lending, agnostic of caste or other social 
factors, impacts repayment rates.
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Table 8: Regression for positive selection.       
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