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Abstract

This paper examines informal loans in Thailand using household survey data covering 4,800
individuals in 12 provinces across Thailand’s six regions. We proceed in three steps. First,
we establish stylized facts about informal loans. Second, we estimate the effects of household
characteristics on the decision to take out an informal loan and the amount of informal loan.
We find that age, the number of household members, their savings, and the amount of existing
formal loans are the main factors that drive the decision to take out an informal loan. The main
determinations of the amount of informal loan are the interest rate, savings, the amount of
existing formal loans, the number of household members, and personal income. Third, we train
three machine learning models, namely K-Nearest Neighbors, Random Forest, and Gradient
Boosting, to predict whether an individual will take out an informal loan and the amount an
individual has borrowed through informal loans. We find that the Gradient Boosting technique
with the top 15 most important features has the highest prediction rate of 76.46 percent, making
it the best model for data classification. Generally, Random Forest outperforms the other two
algorithms in both classifying data and predicting the amount of informal loans.
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1 Introduction

In 2016, 88.1 percent of Thai households had debts totaling around 340,000 baht (approximately
$10,000), with informal loans accounting for 40.8 percent of these debts (Center for Economic and
Business Forecasting, UTCC). An Act of Parliament on legal lending rates for financial institutions
has regulated interest rates on formal loans to no more than 25 percent per year. The annual
interest rates on informal loans, on the other hand, might reach 60 percent. (Siamwalla et al., 1990).
Because charging high interest rates on informal loans is unlawful, lenders are unable to sue for
nonpayment and therefore frequently exact payments through intimidation or physical assault.

A natural question is why households finance their expenditures with high-interest informal
loans rather than obtaining formal loans, with lower interest rates. If the cost of paying interest
were the only factor influencing a household’s decision to take out a loan, they would most likely
borrow from the formal sector. Therefore, the interest rate must not be the only factor driving the
decision.

This paper investigates the reasons why households take informal loans and the amount of
informal loans they take. We use household survey data from the Department of Special Inves-
tigation (DSI), Ministry of Justice, which cover around 4,800 households in 12 provinces across
Thailand’s six regions. Our analysis proceeds in three steps. First, we present stylized facts about
informal loans. Around 42.3 percent of individuals have an informal loan, with the average infor-
mal loan equal to 54,300 baht per person. We discover that among all occupations, government-
owned corporation (GOC) employees and government employees have the highest average infor-
mal loans. Around 28 percent of them use informal loans to repay existing debts, whereas around
53-60 percent of farmers, sellers, and business owners use informal loans for investments.

Second, we examine the effects of household characteristics on the decision to take out an
informal loan and the amount of informal loans. We use a Probit model, a Logit model, and a
linear probability model (LPM) to estimate the decision to take out an informal loan. We find
that age, the number of household members, their savings, and the amount of existing formal
loans are the main factors. A larger household is more likely to take out an informal loan than a
small household does. A household that can borrow from the formal sector, or which has more
in savings, is less likely to borrow from the informal sector. We find no evidence that personal
income influences this decision.

We then use linear models with fixed effects to estimate the effects of household characteristics
on the amount of informal loans. The estimates suggest that the number of household members
and personal income are the main factors. On average, the amount of informal loans increases by
5% with each additional household member and increases by 0.3 percent for every one percent in-
crease in income. The empirical evidence indicates that the relationship is nonlinear. The marginal
effects suggest that the interest rate on informal loans, savings, and the amount of existing formal
loans all have a negative impact on the amount of informal loans.

Third, we use three machine learning techniques, namely K-Nearest Neighbors, Random For-

est, and Gradient Boosting, to classify whether or not a person will take an informal loan. The



results show that the Gradient Boosting method with the 15 most important features has the high-
est prediction rate of 76.46 percent, making it the best model for data classification. Otherwise, the
Random Forest method outperforms the Gradient Boosting method in most cases. The five most
important features are total family expenses, total personal expenses, informal loan term, age, and
total income. Additionally, we use the models to predict the size of an informal loan each indi-
vidual will take out, based on socioeconomic factors. Random Forest is the best machine learning
approach for predicting the amount of an informal loan, since it has the lowest root mean square
error and the highest R-squared value.

The main contribution of this paper is to provide stylized facts and empirical analyses for
informal loans in Thailand. There are only a few studies on informal lending due to the lack
of data. Due to frequently unlawful high interest rates for informal loans, information on informal
loans is not disclosed to government authorities or established financial institutions. This paper
is related to branches of study in the existing literature. In terms of research questions, our paper
is closely related to those of Siamwalla et al. (1990) and Tanomchat and Sampattavanija (2018), in
that these studies investigate aspects of informal loans in Thailand.

Siamwalla et al. (1990) reveal that throughout 1984 and 1985, 72.4 percent of the households
involved in borrowing activities received loans from the informal sector. Surprisingly, their analy-
sis suggests that the informal financial market is competitive; the lenders did not have the market
power to extract economic rents from borrowers through high interest rates. Nevertheless, the
fact that informal loans are involved with high interest rates results from the economic rents from
information asymmetry among lenders. Karaivanov and Anke Kessler (2018) find that informal
loans are related to interest rates lower than those for formal loans. Tanomchat and Sampattavanija
(2018) survey 694 households in Thailand and find that informal interest rates correlate with the
lenders’ influence. They argue that high interest rates reflect the high default risks of debtors, and
only lenders who have influence, i.e., can use harassment or physical action, are willing to lend to
these debtors.

This paper is related to a group of studies that study the the effects of informal loans. Kislat
(2015) uses a difference-in-differences estimation to analyze the benefits of informal lending among
different income groups of rural households in Northeast Thailand. Chemin (2008) uses a propen-
sity score estimation to study the effects on expenditure per capita, the supply of labor, and school
enrollment for children in Bangladesh. The benefits of the government’s program on lending is in
Kaboski and Townsend (2005) and Pitt and Khandker (1998).

In addition, this paper is related to studies investigating the decision whether to borrow from
formal or informal financial markets. In a study of informal lending in Peru, Guirkinger (2008)
finds that borrowers in the informal financial market consist mainly of households without access
to the formal financial market; the study also finds that household benefit from lower transaction
costs in the informal fincial market. Using a Probit model in Egypt, Moheldin and Wright (2000)
conclude that borrowers in the informal financial market do not have the credit to access the formal

financial market. Liu and Roth (2020) argue that informal-sector borrowers might find themselves



in a debt trap, because lenders are motivated to keep them borrowing for an extended period.
The remainder of the paper is structured as follows. Section 2 provides background on the
situation in Thailand. Section 3 describes our data and variables. Section 4 summarizes stylized
facts. In Section 5 we estimate the effects of household characteristics on the decision to take out
an infomal loan and the amount of informal loan.. Section 6 shows the empirical analysis using

machine learning techniques. Section 7 concludes.

2 Background

In this paper, a loan is defined as the amount of money received from an agent (lender), which
the recipient (borrower) is committed to repay in the future. Formal loans are loans provided by
formal organizations, including banks and financial intermediaries. The Bank of Thailand and
the Ministry of Finance have imposed a ceiling on the interest rates charged on formal loans. For
example, the interest rates on personal loans cannot exceed 25 percent per year, and the credit card
interest rates cannot exceed 16 percent per year.

This paper focuses on informal loans, which are loans borrowed from unauthorized lenders.
Examples of such lenders include loan sharks, in-area investors, out-of-area investors, and stores.
The interest rates on informal loans, which are not under the supervision of the Bank of Thailand
and the Ministry of Finance, are often quoted as daily interest rates and exceed the legal cap on
interest rates. Generally, informal loans do not have a formal loan contract, because the interest
rates are illegally high, and so the loan contract would be nullified by law. However, the absence
of loan contracts makes informal loans more attractive to borrowers because of their flexibility and
simplicity. Without a legal loan contract, lenders often have difficulties enforcing repayment, and
borrowers are not protected by law. Lenders may use social harassment or violence to enforce
repayment.

Informal loans may involve shadow contracts that seem legitimate but exploit a loophole in
the law. For example, a borrower may sign a loan contract to borrow 10,000 baht, with an interest
rate of 10 percent, but actually receive only 8,000 baht in cash. In this case, the contract is legally
binding, although the effective interest rate is illegally high.

To support borrowers who suffer from unjust informal loans, the Department of Special In-
vestigation (DSI) under the Ministry of Justice established the Legal Aid Center for Debtors and
Victims of Injustice (LADVIMO]J) in 2012. The main objective of the LADVIMOYJ is to provide le-
gal advice to debtors who have informal loans with illegally high interest rates. The LADVIMOJ
reports that situations commonly arise from borrowers’ lack of knowledge of the legal system.
Borrowers are unfamiliar with formal loan contracts and do not have access to the justice system.



3 Data and Variable Description

3.1 Data Source

This study uses survey data from the Legal Aid Center for Debtors and Victims of Injustice (LAD-
VIMOQ]J), the Department of Special Investigation (DSI), Ministry of Justice. The data were, as
collected in 2014, funded by the LADVIMO].

The survey data is cross-sectional household-level data that consists of 4,878 households in
12 provinces across all six regions of Thailand. The provinces are Bangkok and Pathum Thani in
Bangkok metropolitan, Saraburi, Ratchaburi, and Phitsanulok in the Central region, Chonburi in
the Eastern region, Nakhon Si Thammarat and Songkhla in the Southern region, Chiang Rai in
the Northern region, Yasothon, Maha Sarakham, and Nong Khai in the Northeastern region. The
survey was conducted across 105 districts (Ampour) across Thailand.

The data contains information about loan takers and their families. That information includes
informal loan and formal loan amounts, interest rates, the type of informal loan lender, and the
purpose of informal loan. The dataset also contains socio-economics factors for Thai applicants,
such as age, gender, income, education level, and the expenditure level.

3.2 Variable Descripion and Cleaning Procedure

In the data, the unit of currency is the Thai baht. The exchange rate at the time of data collection
was approximately 33 baht to 1 USD. The main variables are the amount of formal and informal
loans and the interest rates. A formal loan is defined as funds borrowed from registered banks. An
informal loan is defined as funds received from non-banks that requires repayment in the future.
The interest rates on informal loans are quoted as monthly rates.

The survey categorizes occupation into nine groups: sellers, business owners, contract-based
workers, farmers, freelancers, private business employees, government-owned corporation em-
ployees, government employees, and unemployed.

We divide the reasons for taking formal and informal loans into four groups: (i) necessary, (ii)
unnecessary, (iii) investment, and (iv) debt repayment. Necessary reasons include hospital bills,
tuition fees, household expenses, and family traditional expenses. Unnecessary reasons include
mobile phone purchase, luxury gifts purchase, and others. Debt repayment means the repayment
of existing (formal and/or informal) loans.

We also group the sources of formal loans and informal loans. The sources of formal loans
are grouped into two types: banks and non-banks, where the bank group includes both private
and government banks, and the non-bank group includes financial institutions, such as the Bank
for Agriculture and Agricultural Cooperatives. For informal loan sources, there are four groups:
in-area investors, out-of-area investors, loan sharks, and stores.

Total personal expense is constructed as the sum of a house mortgage, land rent, house rent,
food, utility bill, phone bill, tuition, transportation cost, investment, hospital bill, health and life

insurances, car payment, motorbike payment, phone bill, phone payment, and other costs.



Table 1: Statistical summary of the key variables

Summary Statistics Mean Median S.D. #of Obs
Amount of all loans 193,142.3 40,000 547,941.8 4,628
(total)

Amount of all loans 227,764.0 50,000 607,536.3 3,357

(conditional on having loan)

Amount of informal loans 22,961.7 0 105,505.9 4,628
(total)

Amount of informal loans 54,300.9 20,000 156,937.6 1,957
(conditional on having informal loans)

Interest rate on informal loans (percent) 16.5 10 63.4 1,957
Amount of formal loans 142,250.8 0 498,423.0 4,628
(total)

Amount of formal loans 297,083.4 80,000 687,696.7 2,216
(conditional on having formal loans)

Interest rate on formal loans (percent) 14.1 6 26.1 2216
Total family expenses 17,716.8 13,300  22,450.1 4,628
Total personal expenses 7,238.5 2,895 14,331.3 4,628
Total personal income 15,085.7 11,900 17,408.1 4,628
Personal savings 749.7 0 1,966.0 4,628

Last, we divide household occupations into two groups by income stream. The two groups
are occupations with monthly salaries and occupations with unstable income. After the process of

data cleaning, the total data consists of 4,623 observations.

4 Stylized Facts

4.1 Overview

Table 1 provides summary statistics for the main variables of interest.

Around 47.9 percent of individuals have formal loans, with an average of 297,000 baht per
person. Around 42.3 percent of individuals have an informal loan, with the average informal loan
equal to 54,300 baht per person. As a result, banks remain important financial intermediaries in
the lending market.

The average monthly salary in our data is 15,085 baht. This is similar to the minimum monthly
income of 15,000 baht for college graduates. The minimum wage of workers with a high school
degree is 300 baht per day. Personal expenditures average 7,238 baht,while the average personal
savings is 749 baht. That is, personal expenditure is around 48 percent of total income.



4.2 Income and Consumption

Table 2 shows the average of personal income, consumption, and savings across different groups.

Chonburi and Saraburi have the highest average income, while Bangkok has the highest aver-
age living cost. Households save approximately 3 to 7 percent of their incomes. Saraburi, Nakhon
Si Thammarat, and Chonburi have higher savings than other provinces. An increase in level of
education is associated with higher income, more consumption, and larger saving.

The occupations are categorized into two groups; salary-based, and non-salary-based. The
average incomes these two occupation groups are 15,086 and 14,200 baht, respectively. Generally,
business owners, government employees, and government-owned corporation employees have a

relatively larger income. They consume and save more than the others do.

4.3 Informal Loans

This section documents the characteristics of individuals who have an informal loan.

Table 3 provides the average amount of informal loans in various age groups. With the assump-
tion that individuals in the working age range of 30-50 face higher expenses, such as personal and
family expenses, the amounts of informal loans taken out by those in this age range are expected
to be relatively larger than informal loans taken out by other age groups. Surprisingly, the average
amounts of informal loans are very similar across all age groups. There is no significant difference
between ages. Therefore, the amount of informal loans might be determined by other factors apart
from age.

Table 3 also presents information on informal loans by each income group. Individuals with
no income have larger informal loans than those with incomes of 1-5,000 and 5,001-10,000. This
implies that informal loans can be used to smooth consumption. Individuals with incomes be-
tween 30,001 and 40,000 baht and 20,001 and 30,000 baht have the highest average informal loans,
of 135,853 baht and 105,007 baht, respectively. On the one hand, higher-income households do not
need to borrow money. Income, on the other hand, which indicates a household’s ability to repay
debts, permits the household to borrow more money.

The average informal loan amount for each occupation is shown in Table 4. Government em-
ployees and employees of government-owned corporations, in particular, have the highest average
informal loans, owing to the fact that they have the steadiest jobs, with better pay than others do.
Unemployed workers have an average informal loan amount of 53,849 baht. A lack of unemploy-
ment benefits may have forced unemployed workers to take out informal loans to cover their daily
expenses. The average informal loan taken out by freelancers is three times less than that taken
out by unemployed workers.

Table 4 presents the average amount of loans in each province. Saraburi and Nakhon Si Tham-
marat, with average informal loans of 147,217 and 85,863 baht, respectively, have the largest av-
erage informal loans. The average informal loan in Pathum Thani is 9,461 baht, making it the

only province where the average informal loan is less than the average salary. Unfortunately, the



Table 2: The averages of income, consumption, and savings by location, education level, and oc-
cupation.

Income Consumption Savings
City/Rural Area
Bangkok Metropolitan 12,801.9 9,341.8 610.5
City 16,136.4 7,977.6 818.0
Rural 15,012.2 5,755.5 740.6
Province
Bangkok 15,140.0 13,537.4 473.2
Chonburi 18,547.1 6,966.0 1,060.9
Chiang Rai 14,565.1 1,853.5 282.3
Maha Sarakham 15,120.3 8,646.51 742.2
Nakhon Si Thammarat 16,642.2 11,542.1 1,598.4
Nong Khai 11,822.3 6,748.7 346.2
Pathum Thani 10,575.2 5,320.9 7414
Phitsanulok 16,455.1 7,636.2 368.5
Ratchaburi 13,586.7 6,685.5 793.2
Saraburi 18,982.9 7411.8 1,451.5
Songkhla 15,803.2 7,782.1 715.2
Yasothon 14,194.3 2,966.2 308.5
Education levels
No Education 13,735.5 5,816.9 325.4
Primary School 12,564.5 5,743.5 434.8
Middle School 14,619.4 7,499.9 801.5
High School 15,477.6 7,508.0 820.4
Associate Degree 15,851.0 8,283.1 822.4
Bachelor’s degree 22,303.1 10,380.3 1,490.4
Graduate Degree 32,805.6 14,224.3 3,097.6
Others 7,955.1 11,411.3 387.2
Types of Occupations
Salary Based 15,086.2 7,242.3 749.4
Non-Salary based 14,200.1 6,949.0 652.9
Occupations
Farmer 14,822.8 4,735.9 630.3
Seller 15,398.9 9,306.1 722.9
Freelancer 12,007.7 6,018.0 501.7
Contract based worker 9,851.6 4,438.1 397.5
Business owner 25,706.4 12,488.4 1,419.4
Private corporation employee 15,361.1 6,638.4 854.3
Government employee 21,726.5 10,127.6 1,412.7
Government-owned corporation employee 26,674.1 15,445.8 1,477.5
Unemployed 2,669.9 5,896.6 295.1




Table 3: Informal loans by age and by income range.

# of total Conditional on having an informal loan
obs #ofobs  Percent of Mean Median S.D.
total obs
Total 4,628 1,957 42.3% 54,300.9 20,000 156,937.6
Age Range
<20 9 4 44.4% 8,750.0 6,500 8,301.6
20-24 145 50 34.5% 49,080.0 11,000 155,248.0
25-29 342 116 33.9% 67,422.7 17,500 370,403.7
30-34 419 171 40.8% 45,722.3 20,000 95,306.2
35-39 628 253 40.3% 63,060.1 20,000 184,293.6
4044 720 314 43.6% 38,360.8 20,000 72,745.5
45-49 825 359 43.5% 52,078.6 20,000 102,731.2
50-54 717 313 43.7% 57,486.0 20,000 178,521.1
55-60 535 241 45.0% 66,387.0 20,000 131,914.7
>60 288 136 47.2% 54,780.6 20,000 100,995.6
Income Range
0 162 77 47.5% 48,962.3 11,500 131,747.6
1-5,000 414 176 42.5% 32,824.8 10,000 88,989.2
5,001-10,000 1,646 769 46.7% 25,435.9 10,000 51,991.3
10,001-20,000 1,646 627 38.1% 73,040.0 24,000 155,526.7
20,001-30,000 459 193 42.0% 105,007.1 40,000 305,319.9
30,001-40,000 124 49 39.5% 135,853.9 39,200 412,399.4
40,001-50,000 76 24 31.6% 89,916.7 42,500 113,606.8
50,001-100,000 88 39 44.3% 53,384.6 40,000 47,268.3
>100,000 13 3 23.1% 66,666.7 45,000 74,888.8

averages informal loans in other provinces are much greater than the average income.
Table 5 documents the interest rates on informal loans. The interest rates are relatively high for
loan sharks, at around 18.3 percent per month. Informal loans from in-area investors and out-of-

area investors have interest rates around 10-11 percent.

4.4 Reasons for Taking Out Informal Loans

Approximately 46.8% of individuals report that their informal loans are being used to cover nec-
essary expenses, while 41.5 percent report that their informal loans were utilized to support their
business. Only 9.4 percent of them use informal loans to repay existing debts and 2.3 percent of
them use loans to purchase unnecessary goods, such as luxury gifts and new phones.

Table 6 shows the most common reasons for taking out informal loans, by age group. As age
increases, the reason shifts from spending on necessary and unnecessary expenses to business

investment, while borrowing for debt rolling is relatively constant. Around 64 percent of young



Table 4: Informal loans by occupation and by province.

# of total Conditional on having an informal loan
obs #of obs Percent of Mean Median S.D.
total obs
Total 4,628 1,957 42.3% 54,300.9 20,000  156,937.6
Occupation
Farmer 1,044 430 41.2% 90,818.4 30,000 149,445.4
Seller 1,245 652 52.4% 33,265.9 15,000 69,615.4
Freelancer 207 103 49.8% 18,713.6 10,000 54,295.7
Contract based worker 625 234 37.4% 31,776.9 14,000 79,521.4
Business owner 234 81 34.6% 65,432.1 20,000 132,670.4
Private corporation 745 275 36.9% 46,569.5 20,000 103,646.8
employee
Government employee 316 93 29.4% 117,932.0 30,000  459,845.8
Government-owned 69 22 31.9% 158,181.8 30,000 569,193.3
corporation employee
Unemployed 143 67 46.9% 53,849.3 10,000  140,558.7
Province
Bangkok 380 180 47 4% 29,207.8 13500 68,968.2
Chonburi 393 100 25.4% 64,167.0 20000  172,079.1
Chiang Rai 394 140 35.5% 46,239.3 27500 72,612.9
Maha Sarakham 394 125 31.7% 32,287.7 20000 38,3174
Nakhon Si Thammarat 399 150 37.6% 85,863.3 30000 339,511.3
Nong Khai 412 219 53.2% 40,703.7 12000  157,563.7
Pathum Thani 401 217 54.1% 9,460.8 10000 6,733.7
Phitsanulok 320 73 22.8% 33,287.7 30000 31,070.9
Ratchaburi 395 207 52.4% 23,131.1 20000 17,964.5
Saraburi 405 245 60.5%  147,217.0 63250  183,584.1
Songkhla 352 119 33.8% 60,466.4 30000 102,323.7
Yasothon 383 182 47 .5% 53,597.8 20000  211,717.9

borrowers use informal loans to spend on necessary expenses, while 16 percent borrow informal
loans to pay for unnecessary expenses. Only 14 percent borrow money for their business. A
majority of borrowers who use informal loans for unnecessary expenses are relatively young; only
1.7 percent of borrowers over the age of 30 use informal loans for unnecessary expenses.

The proportion of responders who report using informal loans to finance investment rises with
age, from 14.0 percent in the group ages 20 to 25 years old, to 56.8 percent in the group ages 55 to
60 years old. The proportion of responders in the necessary group is the highest between the ages
of 20 and 35, and decreases as age increases. The reason for this might be that people in their 20s
and 30s have large necessary expenses, such as tuition fees for themselves or their children, and

when they get older, their primary focus shifts toward running their own business.
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Table 5: The averages of interest rates per month by lender types

# of Obs Percent Mean Median S.D.
In-area investor 537 27.4% 10.8 10 7.4
Out-of-area investor 610 31.2% 10.4 10 8.0
Loan sharks 590 30.1% 18.3 20 54
Store 220 11.2% 7.0 5 6.3
Total 1,957 100.0% 16.5 10 63.4

As the data shows a shift toward investment, the motivations for taking out informal loans
should be occupation-dependent. Therefore, we next investigate the reasons for making informal
loans, by occupation group.

Table 6 demonstrates that the reasons for taking out informal loans varies by occupation and
by province. In the aggregate, 46.8 percent of borrowers use informal loans to pay for necessary
expenses, and 41.5 percent of borrowers use informal loans to finance their business investments.
The fraction of borrowers who use informal loans for necessary expenses is relatively high for
private corporation employees (74.9 percent), freelancers (69.9 percent), contract-based workers
(69.7 percent), and the unemployed (65.7 percent), but it is relatively low for sellers (33.0 percent),
farmers (33.0 percent), and business owners (27.2 percent).

The proportion of borrowers who use informal loans for investments is relatively large for
farmers (60.0 percent), sellers (59.4 percent), and business owners (53.1 percent), and is relatively
small for freelancers (19.4 percent), contract-based workers (17.9 percent), and employees of pri-
vate corporations (8.0 percent). While 9.4 percent of individuals in the data use informal loans
mainly to repay existing debts, when categorized by occupation, it covers 27.3 percent of the em-
ployees of government-owned corporations and 28 percent of government employees. Only 6.3
percent of sellers and 5.6 percent of farmers use informal loans to repay existing debts.

Table 6 illustrates the breakdown of the reasons for taking out informal loans, by area. In
Bangkok and Pathum Thani, a substantial number of borrowers use informal loans to pay for
necessary expenditures. This might be due to the high cost of living in metropolitan areas. Informal
investment loans are used to finance a business by a significant number of borrowers in Nong
Khai, Saraburi, Nakhon Si Thammarat, Chiang Rai, and Yasothorn. One possible reason is that
these provinces have metropolitan cities where business owners start their businesses and rural

areas where a majority of households are farmers.

4.5 From Who Did They Borrow Informal Loans?

Table 7 summarizes the sources of informal loans by age group, by occupation, and by province.
There is a consistent pattern in which out-of-area investors, loan sharks, and in-area investors each
cover around 30 percent of all loans. Less than 10 percent borrows from a store.

Around 35-44 percent of sellers, freelancers, contract-based workers, and business owners bor-
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row from loan sharks. Government employees and those at government-owned corporations usu-
ally borrow from out-of-area investors. Farmers borrow from both in-area and out-of-area in-
vestors.

Loan sharks are the most common lenders in Nong Khai and Pathum Thani, accounting for
roughly 66-69 percent of all loans. More than half of borrowers in Nakhon Si Thammarat (65.3
percent) and Chiang Rai (52.9 percent) borrow from in-area investors. Around 70 percent of indi-
viduals in Saraburi take out informal loans from out-of-area investors. Stores are the lenders for

36% of Chonburi borrowers.

5 Econometric Analysis

5.1 Methodology

We study the borrowing decision in two steps. First, we estimate the likelihood that a household
will take an informal loan, using a Probit model, a Logit model, and a linear probability model
(LPM). Second, we estimate factors that determine the amount of informal loans using OLS.

For the first part, we estimate the following reduced-form equation:

Prob (informal loan; > 0) = By + B1¥ Age; + B ™log (income;)
+ B (The number of household members;)

n I[Biavmglog (saving;) + [3f1°rmallog (formal loan;) + ¢;, 1)

where Prob (informal loan; > 0) is the probability that household i takes an informal loan, Age; is
the age, log (income;) is the logarithm of the income, (The number of household members;) is the
number of household members, log (saving;)is the logarithm of saving, log (formal loan;) is the
logarithm of the amount of formal loan, and ¢; is an error term.

We also consider the possibility of non-linearity by estimating the extended reduced-form

equation:

Prob (informal loan; > 0) = Bo + B (Interest rate;) + B (Interest rate; )
+ B17 Age; + B3 Age]
+ Bincomelog (income;) + B [log (income;)]?

+ B (The number of household members;)

saving

+ 7 "log (saving;) + B5 " [log (saving;)]?
+ pformallog (formal loan;) + ™4 [log (formal loan;)]* + X;B + €,
)

where the squares of (Interest rate), Age;, log (income;), log (saving;), and log (formal loan;) are
included.
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Next, we investigate the determinants of the amoung of informal loan. We estimate the follow-
ing reduced-form equation:

age

log (informal loan;) = By + B (Interest rate;) + B15°Age; + Bi"“™log (income;)
+ B (The number of household members;)

+ By"""Blog (saving;) + ™ *'log (formal loan;) + XiB+¢;,  (3)

where log (informal loan;) is the logarithm of the amount of informal loan. The additional ex-
planatory variables are the interest rate on the loan, denoted by (Interest rate;), and the vector of
controls, denoted by X;. The controls are gender fixed effects, province fixed effects, education-
level fixed effects, occupation fixed effects, and status-in-household fixed effects.

To allow for the possibility of non-linear relationship, we extend the baseline model to

log (informal loan;) = Bg + B¢ (Interest rate;) + B¢ (Interest rate;)*
+ B Age; + B3 Age]
+ Bincomelog (income; ) + B [log (income;)]

+ B (The number of household members;)

saving

+ 7" "log (saving;) + B; " [log (saving;)]?
+ plormallog (formal loan;) + ™2 [log (formal loan)))* + XiB+¢i, (4)

where the squares of (Interest rate), Age;, log (income;), log (saving;), and log (formal loan;) are
included.

5.2 Empirical Results

We estimate equations (1) and (2) using three different models: a Probit model, a Logit model, and
a linear probability model, and report the coefficients and corresponding marginal effects in Tables
8.

The reported standard errors are heteroskedasticity-robust standard errors. We find that the
number of age, household members, their savings, and the amount of existing formal loans are
important determinants. The coefficient of age is statistically significant from zero in the Probit
and Logit models but is not in the linear probability model. Based on the Probit and Logit models,
when age increases by 10 years, the probability of taking out an informal loan increases by 2.3
percent.

A larger household is more likely to take out an informal loan than a small household does. A
household that can borrow from the formal sector or have a larger saving is less likely to borrow
from the informal sector. We do not find evidence that personal income influences the decision.

Columns (6)—(11) show empirical results when the squared terms are included. Only the effect

of age is non-monotonic. The marginal effect of age at the means has a similar magnitude to the
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marginal effect estimated from the linear model.

Table 9 presents estimates of Equations (3) and (4). When we include additional square terms,
we find that the effects on the amount of informal loans are non-linear. This finding is consistent
with the statistics in Table 3 that the amount of informal loan is non-monotonic in the income
range. Therefore, we provide the marginal effects at the means for estimates on column (3).

The amount of informal loan is concave in age and is convex in income, saving, and the amount
of formal loan. The amount of informal loans is increasing in income and the number of household
members, and decreasing in saving and the amount of formal loans. On average, the amount
of informal loans increases by 5% with each additional household member and increases by 0.3
percent for every one percent increase in income.

Generally, a larger household has a larger informal loan than a smaller household does. A
10-percent increase in saving increases the amount of informal loan by 3.2 percent. A 10-percent
increase in the amount of formal loan raises the amount of informal loan by 0.1 percent. The
coefficient of age is not statistically different from zero and its magnitude is negligible. This is
consistent with Table 3 that the amounts of informal loans across age groups are approximately
equal.

Table 10 compares the borrowing behavior between genders. Columns (1) and (2) show the
estimates when the observations are restricted to male, and Columns (3) and (4) show the estimates
when the observations are restricted to female. Men are more sensitive to a change in interest rate
and income than women do. When the interest rate on informal loans increases by one percentage
point, men’s informal loans decrease by 3.7 percent while women'’s informal loans decrease by
2.4 percent. The effect of income among male is more convex than the effect of income among
females. At the means, the marginal effect of income is larger among males. On average a 10-
percent increase in income raises informal loan of a man by 4.2 percent and raises informal loan of
a woman by 2.2 percent. Women'’s informal loans respond to the number of household members
and the amount of formal loan, but men’s informal loans do not. A woman that has one additional
household member tends to borrow informal loan more by around 0.06 percent. The effect of
saving of male is more convex than the effect of saving of female. At the means, the marginal
effects of saving of males and females are 0.0061 and -0.0580, respectively. The effects of age and
the amount of formal loans are negligible for both genders.

We then consider heterogeneity across occupations. We classify occupations into groups based
on the nature of the occupation: government jobs, private jobs, and the unemployed. Government
jobs include government employees and government-owned corporation employees. Private jobs
are divided into fixed-income jobs and flexible-income jobs. Fixed-income jobs are private busi-
ness employees. Flexible-income jobs include sellers, business owners, contract-based workers,
farmers, and freelancers.

Table 11 summarizes the estimates by occupational group. The effect of age is statistically
significant only among the flexible-income private employees. The marginal effect of interest rate
is in a similar range across all occupation. However, the standard errors of the marginal effect
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Table 9: The determinants of the amount of informal loan, log (informal loan)

Equation (3) Equation (4)
coef. coef. marginal
Variables 1 2) (3)
Interest rate -0.0661** -3.112%%  -3.011**
(0.0335) (0.430) (0.416)
(Interest rate)” 0.305%**
(0.0428)
Age 0.00502 0.0474** 0.00395
(0.00320) (0.0193)  (0.00313)
Age® -0.000483**
(0.000206)
log (income) 0.132%** -0.2171%%* 0.287%%*
(0.0258) (0.0645) (0.0403)
[log (income)]? 0.0276***
(0.00512)
The number of 0.0577*** 0.0499***  0.0499***
household members (0.0190) (0.0186) (0.0186)
log (saving) 0.0228*** -0.156***  -0.0322**
(0.00880) (0.0410) (0.0133)
[log (saving)]? 0.0231***
(0.00554)
log (formal loan) 0.0119** -0.117***  -0.0153*
(0.00550) (0.0334)  (0.00810)
[log (formal loan)]? 0.0108***
(0.00285)
Observations 1,957 1,957 1,957
R-squared 0.279 0.336
Adjusted R-squared 0.263 0.320

Note: All regressions include fixed effects for gender, province, education level, occupation, and
the status in the household. ***, and *** indicate the significance level of 0.10, 0.05, and 0.01,
respectively.
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Table 10: The determinants of the amount of informal loan, log (informal loan), by gender

Male Female
coef. marginal coef. marginal
Variables (1) (2) (3) 4)
Interest rate -3.836***  -3.737%%*  -2.468%* -2.377%**
(0.633) (0.616) (0.573) (0.552)
(Interest rate)? 0.376*** 0.242%**
(0.0627) (0.0571)
Age 0.0362 0.00614 0.0503** 0.00300
(0.0345)  (0.00504)  (0.0230) (0.00414)
Age? -0.000331 -0.000529**
(0.000372) (0.000240)
log (income) -0.428***  0.417*** -0.0916 0.223%%*
(0.106) (0.0839) (0.0776) (0.0444)
[log (income)]? 0.0453*** 0.0179***
(0.00910) (0.00602)
The number of -0.00141  -0.00141  0.0590***  0.0590***
household members  (0.0371) (0.0371) (0.0217) (0.0217)
log (saving) -0.198***  0.00607 -0.140**  -0.0580***
(0.0648)  (0.0152) (0.0571) (0.0225)
[log (saving)]? 0.0321*** 0.0174**
(0.00881) (0.00773)
log (formal loan) -0.0660 -0.0144 -0.146*** -0.0119
(0.0495)  (0.0117) (0.0433) (0.0110)
[log (formal loan)]? 0.00529 0.0146***
(0.00415) (0.00370)
Observations 784 784 1,171 1,171
R-squared 0.446 0.271
Adjusted R-squared 0.414 0.241

Note: All regressions include fixed effects for province, education level, occupation, and the status
in the household. *,**, and *** indicate the significance level of 0.10, 0.05, and 0.01, respectively.
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of interest rate in the case of fixed-income and flexible income private employees are 0.61 and
0.60, respectively, while the standard errors of interest rates in the case of government employees,
and the unemployed are 2.17 and 3.77, respectively. The marginal effect of interest rate is -2.14 for
fixed-income private employees, -3.43 for flexible-income private employees, -2.54 for government
employees, and -3.35 for the unemployed. Age matters only among the group of fixed-income
private employees.

At the means, the marginal effects of income of government employees and private employees
are similar. However, the effect of income is convex among private employees (both fixed-income
and flexible-income), but it is concave among government employees. Saving only matters for
flexible-income private employees. The amount of formal loan affects the amount of informal loan
for fixed-income private employees.

Table 12 displays the results by region. The effect of interest rate is sizable in the Central, the
Eastern, the Southern, and the Northeastern. Income is the only factor that affects the amount of
loans in all regions. The marginal effect of income at the means is positive in all regions except the
Eastern. The marginal effect of income is 0.19 in the Bangkok metropolitan area, 0.41 in the Central,
-0.61 in the Eastern, 0.39 in the Southern, 0.19 in the Northern, and 0.275 in the Northeastern.
Saving has a substantial impact on the amount of informal loan in the Central and the Eastern.

Table 13 summarizes the factors that influence the amount of informal loans by household
status. Interest rate, age, income, savings, and the amount of formal loan all affect the amount of
informal loan for household heads. The interest rate has an effect on the amount of formal loans
taken out by household heads and their spouses only. Income affects the amount of informal loan
only among household heads, the spouses, and the children. For parents of the household heads

and other relatives, none of the coefficients are statistically significant from zero.

6 Machine Learning

In this section, we use machine learning techniques to determine the characteristics essential to
predicting a household’s decision whether to take out an informal loan and the amount of such an

informal loan.

6.1 Methodology

Our data contains two types of variables: numerical variables and categorical variables. Numerical
variables are the number of members in the household, the number of members with income, the
number of members in college, the number of unemployed members, the number of stay-at-home
members, gender, age, the number of members with a second job, total income, total personal
expenditure, total family expenditure, savings, amount of informal loan, amount of formal loan,
outstanding balance of formal loan, formal loan interest, informal loan term, and informal loan

interest rate. Categorical variables are the status of the individual in the household, province,
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education level, occupation, the reason for taking formal loans, and the reason for taking informal
loans.

We use log-transformation on total income, savings, outstanding balance of formal loan, total
personal expenditure, and total family expenditure. All numerical variables are standardized by
removing the mean and scaling to unit variance. The standard score of samples is calculated as a
normal distribution (z-score). We create dummy variables for categorical variables using one-hot
encoding.

For the classification process, we use supervised machine learning models: K-Nearest Neigh-
bor (KNN), Random Forest, and Extreme Gradient Boosting (XGBoost). We rank features both
numerical and categorical using Random Forest importance feature selection. This selection sorts
variables based on the magnitude of their effects on the target variable. In decision trees, every
node is a condition of how to split values in a single feature, so that similar values of the depen-
dent variable end up in the same set after the split. For classification problems, the condition is
based on Gini impurity, while for regression trees, it is based on variance. With the training set,
we compute how much each feature contributes to averaging the decrease in impurity over trees.

We use two sets of features. The first set, denoted by Dataset 1, includes all variables, and the
second set, denoted by Dataset 2, excludes the reason for taking an informal loan, because it is not
publicly available information for government agencies or policymakers. At the beginning of the
classification process, we split the dataset into testing and training sets, where we use a test size of
0.4, so the models have larger amounts of data to train on, and we use the random state of 23.

Our first machine learning technique is K-Nearest Neighbors. It is an algorithm that classifies
objects based on the nearest training examples into several classes, to forecast the classification of a
new sample point. With a dataset, the distance between each unknown sample will be calculated.
The unknown sample may be classified based on the distance with the smallest value to sample in
the training set.

Second, Random Forest classification is an ensemble tree-based learning algorithm, where the
RF classifier is a set of decision trees from randomly selected subsets of the training set. It aggre-
gates the votes from different decision trees to decide the final class of the test object. Similarly, we
split the train and test dataset by the ratio of 40 percent for the test set and 60 percent for the train
set. We set 150 trees in the forest for Random Forest classification.

Last, XGBoost is a decision-tree based ensemble using a Gradient Boosting framework. We use
the XGBoost model for classification with the default setup for the first setup. We set the maximum
depth of 8, the learning rate of 0.1 and the subsample of 0.5 for second setup. For our third setup
we use hyperparameter tuning by using grid search. Finally, for our fourth setup, we use Gamma

XGBoost tuning.
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Table 14: The ranking of features

Ranking Dataset 1 Dataset 2
1 Total family expenses Total family expenses
2 Informal loan interest Informal loan interest
3 Age Total personal expenses
4 Total personal expenses Age
5 Informal loan term Total income
6 Total income Informal loan term
7 Amount of formal loan Amount of formal loan
8 Number of family member Number of family member
9 Savings Savings
10 Formal loan interest rate Formal loan interest rate
11 Number of family members with income Number of family members with income
12 Number of family members with education Number of family members with education
13 Reason - Investment Gender
14 Gender Province - Saraburi
15 Occupation - Seller Occupation - Seller
6.2 Results

6.2.1 Correlation plot and feature ranking

The ranking is shown in Table 14. The top 15 most important features from Dataset 2 are total fam-
ily expenditure, informal loan interest rate, total personal expenditure, age, total income, informal
loan term, amount of formal loan, number of members in household, savings, formal loan interest,
number of members with income, number of members with education, gender, living in Saraburi,
and occupation as seller.

The correlation plot in Figure 1 shows us the linear relationship between each variable. With
the field, we need to check for features of multicollinearity because this will affect the relationship
with our independent variables. We can see that a few variables are highly correlated with each
other. The number of household members is associated with the number of members in college and
the number of members with income. Moreover, there is a correlation of 0.73 between the amount
of the formal loans and the formal loan interest rate. Figure 1 also shows that saving is negatively
correlated with occupation as a seller. This can imply that sellers might have lesser savings than
other occupations. At the same time, occupation as a seller also has a negative correlation with the
amount of the formal loan. This along with Table 14 can imply that sellers have difficulty taking
formal loans. The causes could be that sellers have unstable income and lesser savings or assets
than other occupations, thus they tend to resort to borrowing an informal loan.

Table 14 represents that the most crucial factor that plays a role in an individual taking an infor-
mal loan is total family expenses. Often, families with high costs are likely to take out an everyday

loan to cover the expenditure that exceeds their incomes. Moreover, the ranking of importance
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Table 15: The classification result comparison
Regression Models Data #features R?Score RMSE Classification Accuracy Rate

) All 03502 0.3920 67.07%
. Top15 03466 03931 72.83%

K-Nearest Neighbors , ATl 03502 0.3920 66.95%
Top15 03423 03944 69.56%

: ATl 05137 03391 75.90%

Random Forest Top15 04837 03494 74.90%
> ATl 05042 03424 75.10%

Top15 04873 03482 74.10%

: All 04645  0.3559 73.93%

. . Top15 0465 03557 76.46%
Gradient Boosting ; ATl 04526 0.3598 74.98%
Top15 04721 03533 73.16%

features also demonstrates that households that live in Saraburi and head of household occupa-
tion are sellers tend to have a higher chance of taking out informal loans. The reason can be that
sellers have relatively more uncertainty in terms of income and investment. The inventory is vari-
ous monthly and their incomes. Thus, the chance that the head of household with this occupation
will take out informal loans is higher than other occupations. Even though the freelancer may face
similar uncertainty, the monthly investment paid in advance is required to tend to be lesser than
sellers. With other features, it is difficult to determine the household that need assistance from the
government on loan issue because of a limitation in data. For example, not all household with high
total family expenses are likely to takeout informal loan, unless the household expenses overly ex-
ceed their income. However, one of the features that might be interested for policy maker is the
occupation as seller and household that live in Saraburi. They can focus on helping people with
occupation as seller to mitigate the amount of informal loan taken in economy and investigate the
reasons why households that live in Saraburi has higher the likelihood of them taking informal
loans than households that live in other provinces.

6.2.2 Classification

For each machine learning technique, we do four experiments, , which combine two possible
datasets and two different numbers of features. Dataset 1 has all the variables, and Dataset 2
excludes information on the reason for taking an informal loan. For each dataset, we run two
experiments: one with all features and one with only the top 15 features.

We compare the performance of the machine learning techniques by using their classification
accuracy rates. A classification accuracy rate measures the accuracy with which the model predicts
whether a person will take out an informal loan. Table 15 describes the classification accuracy rates
of all 12 experiments.

In three of four experiments, Random Forest has the highest classification accuracy rates. Among
the four XGBoost setups, the Grid search setup is the best for Dataset 1 when using all features,
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and the setup using Gamma XGBoost tuning is the best in the other three experiments. When com-
pared to the other two machine learning models, the K-Nearest Neighbors method has the lowest
classification accuracy rate among all four models.

In terms of predictive power, the best model is Gradient Boosting, with grid search, using the

top 15 features in the dataset, with the reason for borrowing informal loans.

6.2.3 Predicting informal loans

After the classification models, we examine how features can predict the amount each person will
borrow using informal loans. Table 15 summarizes the R? scores and RMSEs for all 12 experiments.

Similar to our conclusions about classification, Random Forest models are the best machine
learning technique, as their R? scores are in the range of 0.48-0.51. The performance of Gradient
Boosting is in second place, as its R? scores are in the range of 0.45-0.47. The K-Nearest Neighbors

technique is the worst, as its R? scores are in the range of 0.44-0.35.
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Figure 2 displays the scatterplots of the actual amount of loans and the predicted amount of

Figure 2:
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loans, based on different machine learning techniques.

7 Conclusion

This paper investigates the factors that explain why households take out informal loans and the
amount of informal loans they take. We use household survey data, which cover around 4,800
households in 12 provinces across Thailand’s six regions. Our analysis consists of two parts. First,
we present stylized facts about informal loans. Around 42.3 percent of individuals have an infor-

True Values

mal loan, with the average informal loan equal to 54,300 baht per person.

Second, we investigate the effects of household characteristics on the decision to take an infor-
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mal loan and the amount of informal loans. According to a Probit model and a Logit model, the
number of household members, their savings, and the amount of existing formal loans are main
factors. We then use linear models with fixed effects to estimate the effects of household charac-
teristics on the amount of informal loans and find that the number of household members and
personal income are main factors.

Third, we compare predictions of borrowing behavior using three machine learning techniques:
K-Nearest Neighbors, Random Forest, and Gradient Boosting. The results suggest that Random
Forest is the best model for classifying data and estimating the amount of informal loans in general.
Gradient Boosting, on the other hand, can provide a classification accuracy rate of 76.46 percent if
the model uses only the 15 most important features.
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Figure 1: The correlation plot of selected 15 features using dataset 2.
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