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Abstract

This paper estimates models on the default probability of households in Uru-
guay considering sociodemographic and financial characteristics using data
obtained from the second edition of the Household Financial Survey and the
Continuous Household Survey. It studies the differences between the nonmort-
gage credit and credit card segments. Household income, therelation between
income and expenditure, and the age of the household head are significant for
explaining default probability in all the segments, while the education of the
household head is only relevant for the nonmortgage credit segment. Further-
more, we apply the results of the model to assess the impact on household debt
default by the obligation to pay salaries through electronic media introduced
by the Financial Inclusion Law. According to the vesults, having a bank ac-
count increases the number of households with nonmortgage and credit card
debt. However, in the former segment the group of households that take out
nonmortgage creditis riskier andthe debt default raterises, whilein the credit
card segment the debt default rate remains at the same level.
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1.INTRODUCTION

etermining the individual and financial characteristics of

households that make a statistically significant contribution

tothe probability of debt defaultisimportant for monitoring
credit risks and their impact on financial stability. The aim of this
study is to estimate models that explain households’ debt default
based on their demographic and financial characteristics and con-
sidering different credit segments. For this purpose, it employs
data for Uruguay taken from the second edition of the Household
Financial Survey (EFHU2) conducted in 2013 by the Economics De-
partment, Social Sciences Faculty, Universidad delaRepublica, and
the Continuous Household Survey (ECH) conducted by the Instituto
Nacional de Estadistica, de Uruguay (INE) during 2012. Thisinforma-
tion was used to create anationallyrepresentative database of 3,490
households. Theresults obtained show that factors determining debt
defaultdifferaccordingtothe creditsegmentstudied. Forinstance,
education is only significant when considering the nonmortgage
credit segment, and income ceases to be significant when consider-
ing delinquency on credit card payments. Meanwhile, the relevant
sociodemographicvariablesare those referringto individuals with
most knowledge of a household’s financial matters, the reference
person'according to the EFHU2, and not the individual that makes
the significant contribution in terms of income.

Models on the default probability of householdsin Uruguayallow
for forecasting their behavior and vulnerability to macroeconomic
conditions, as well as assessing the policies that affect debt default
probability. The Financial Inclusion Law (No. 19210) of April 29,
2014, imposes the payment of salaries through electronic media.
Asoneapplication of the models estimated, a forecast was made for
the impact of the said measure on debt delinquency and therefore
on the default rate of the financial system as a whole.

Accordingtotheresults, havingabankaccountincreases the num-
ber of householdswith nonmortgage creditand credit cards. Howev-
er,in the former segment the household group using nonmortgage

The reference person (RP) is the person in a household who is most
familiar with the economy of all its members. It is the individual who
is in charge of financial matters and is familiar with expenses, income,
assets, and investments, among others.
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credit is riskier and the credit default rate increases, while in the
credit card segment the defaultrate remains unchanged, given that
the group using them has the same average risk as that for credit
cards before the reform.

The paper is organized as follows. Section 2 presents a review of
the literature on the determinants of household debt default. Sec-
tion 3 briefly describes the data and variables used in the models.
Section 4 describes the methodology employed for estimating the
debt default probabilitymodels. Section 5 presents the results of the
model estimations. Section 6 performs an assessment, based on the
modelsdeveloped inthe previoussections, of theimpact of the obli-
gation to paysalariesviaelectronic media established in the Finan-
cialInclusion Law on debt default ratesamong households. Finally,
Section 7 presents some final remarks.

2. LITERATURE REVIEW

The literature on the determinants of household debt default in-
cludes a set of empirical works that study the relation between the
sociodemographic and financial characteristics of householdsand
their debt default using datafrom household financial surveys. The
aforementionedstudiesinclude that presented by Costa (2012) that
estimates, employinglogit models, a probability of default for house-
holdswhich depends on their economicand sociodemographic char-
acteristics, aswellastaking into account the existence of shocks that
adverselyaffected their financial situation. To do this, the study uses
datafrom Portugal’shousehold finance and consumption surveyand
finds a higher probability of debt default for households with lower
levels of income and wealth and higher levels of expenditure. The
probability of default is also higher for households with children
and whose reference person is unemployed or has a lower than ter-
tiary education. Recent adverse changes in the financial situation
of households also have a positive and significant correlation with
debtdefault probability. We identify the same outcomes for Uruguay
in terms of income and the relation between income and expendi-
ture. The probability of debt default is lower if the household head
is in formal employment or retired than if they are unemployed or
ininformal employment.
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Meanwhile, Alfaroetal. (2010) use the Household Financial Survey
of Chile to estimate probit models in pursuit of personal and finan-
cial characteristics that have an impact on the average probability
of household debt default. They study mortgage and consumer de-
fault separately given that, as mortgage debt is guaranteed by the
real estate as collateral, it can be assumed that households’ behavior
differsforthese twotypesof debt. Accordingto the results, the vari-
ables ofincome and access to the banking system are significant for
both types ofloan, while the sex and marital status of the household
head are notsignificant. Onthe other hand, although education, the
number of individuals within the household that contribute to the
total family income, age, and financial burden are not significant
for mortgage credit, theyare for consumer credit. They do not find
any evidence that the loan-to-value ratio is significant for mortgage
debt. It is not possible to perform an analysis of the mortgage mar-
ket in this paper, given the few defaults observed in that segment.
Furthermore, unlike the estimation for Chile, the sex of the house-
hold head and whether they live with their partner are significant.
Meanwhile, the financial burden is significant for the credit card
segment, but not for the nonmortgage credit segment, although
onlyin the conditional probability models.

Forthe unconditional probability estimation, Alfaro etal. (2010)
use afirst stage equation for the probability of a household having
debtand asecond stage to estimate the unconditional probability,
addingthelogistic transformation of the probability of debt default
estimated in the first stage as a dependent variable. To analyze de-
fault probabilityin Uruguay, we estimate the bias-corrected (heck-
probit) models proposed by Van de Ven and Vann Praag (1981).
The unconditional probability model is corrected by the fact that
debt default is only observed for households with debt. This meth-
odologyisproposed foranalyzing the probability of debt default by
Baum (2006), considering aselection modelwith a binaryvariable
that takes the value of one if the individual has a loan and zero if
not. Thisisalso used by Valdés (2016) to analyze the determinants
that influence the ownership and usage of debit and credit cards.
Larranaga and Olivari (2005) employ a heckprobit estimation to
studythe determinants of whether anindividual hasa debt consid-
eringabinaryselection variable that indicates when an individual
has a university degree.
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Fuenzalidaand Ruiz-Tagle (2009) adoptanotherapproachtoan-
alyze households’ financial vulnerability. They measure the risks of
indebtedness among households under different unemployment
scenarios, defining debt at risk as that of households with financial
burden to income ratios of between 50% and 70% and a negative fi-
nancial margin, that is, total expenditure is more than 20% high-
er than the household’s income. They find that the main source of
fragility among households is the loss of income, particularly em-
ployment income. The authors use panel data survival analysis for
differentaggregate unemploymentlevels to estimate the probability
of employment at the individual level, taking into account sociode-
mographic characteristicsand calculatingtheimpact onaggregate
debtat risk among households.

Ireguietal. (2016) study the determinants of the probability of a
household being delinquent on at least one of its loansin Colombia
based on dataobtained from the Colombian Longitudinal Survey of
the Universidad de los Andes. The paper presentslogit estimations
forasample of householdswithloansand forasample of households
with loans whose head is also in employment. According to the re-
sults, ifthe head ismale, the probability of a household being delin-
quentonatleastoneloanincreasesforurbanareas. Meanwhile, this
probability decreases for households with higher levels of income
or whose head lives with their partner. They find that the higher
the number of household members, the greater the probability of
a household being delinquent on its debt. In the estimations per-
formed for Uruguay, we find evidence to support the fact a larger
number of household membersincreases the probability of default
and that households whose head is male have a greater debt default
probability in the nonmortgage credit segment in the conditional
probability model.

One of the most important studies on Uruguay is that of Mello
and Ponce (2014) who studythe determinants of households’ indebt-
edness using data from the Uruguayan Household Survey and the
Continuous Household Survey of 2012. They analyze households’
borrowing decisions using probitand logit estimationsand conclude
thatvariablesrelated to havingaccessto financial services, particu-
larly those that take into account a prior relation with the bank and
theuse of credit and debit cards as payment media, have the largest
impact onafamily’sborrowing decisions. Othervariablesrelated to
income distribution, the household head’s employment status and
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having bank savings also have a significant influence on the prob-
ability of taking out aloan. In the same paper, the authors study the
characteristicsthat best explainlevels ofindebtednessamonghouse-
holds and the determinants of their financial burden.

Finally, also for the case of Uruguay, Borrazand Gonzalez (2015)
analyze financial risk in the country, simulating a negative income
shock similar to the one in 2002, and using data from the Uruguay-
anfinancialsurvey. Theyfind theriskismodest because, althougha
shockwith such characteristicsincreases the number of households
with a financial burden above 0.75 by 175%, this group only repre-
sents 10% of the population.

3. DATA AND VARIABLES

3.1 Data

Two databases were used in this paper: the 2012 Continuous House-
hold Survey (ECH) conducted by the National Statistics Institute of
Uruguay (INE), and the second edition of the Financial Survey of
Uruguayan Households (EFHU2) conducted by the Department of
Economics, Faculty of Social Sciences, Universidad de la Republica
in 2013. The EFHU gathersinformation that describes the composi-
tion of households’ asset and liability portfoliosand includes dataon
realassetsand related debts, nonmortgage loans, businesses owned
bythe household, income and employment history, financial assets,
payment media, insurance policiesand personalincome plans, and
consumption and saving. Given the type of datathey collect, thereis
usually a high proportion of nonresponses in economic and finan-
cial surveys. The pattern of missing data is generally not random,
meaning that making estimations only using households for which
dataisavailable tends to generate biasin the estimation. One of the
features of the second edition of the EFHU is its treatment of nonre-
sponses. For the missing data, it uses a stochastic multiple imputa-
tion approachwith tenimputationsand 100 iterations, whose aimis
torecreate the distribution of variableswith missing data. Adetailed
description of the method employed is presented in the document
“Methodology of the 2014 Financial Survey of Uruguayan House-
holds (EFHU2) and User Guide” (Decon, 2016).
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The EFHU is used to analyze the probability of default among
households with dataavailable on a total of 3,490 households. Non-
mortgage loans and credit cards are considered separately. Non-
mortgage debtincludes debt a household has with banks, financial
companies and commercial establishments, family, friends, money-
lenders, and automotive companies, etc. This categoryincludes per-
sonal loans the household took out for their business and excludes
credit card debt, debts to the state and debts from real estate pur-
chases. Credit card debtincludes credit from credit cardsissued by
commercial banks, cooperatives, and consumer loans companies.
Itdoes not consider the mortgage credit segment given the reduced
level of delinquency observed in that type of debt.?

3.2 Variables

The variables used for specifying the models and the expected re-
lation, according to the literature, between them and debt default
probability are presented below.

3.2.1 Dependent Variables

Nonmortgage debt default: Ahousehold is considered tobe in nonmort-
gage debtdefaultifitis paying some nonmortgage loanand declares
itself delinquentinits payments. Nonmortgage debt encompassesall
loansthe household has exceptcreditcard debt, loansfrom the state,
and debtfrom purchasing, constructing, orremodeling real estate.

Credit card debt is considered separately from nonmortgage
credit given that 38% of the population has credit cards, but do not
have nonmortgage credit. Moreover, the importance of nonbank
card operators in the Uruguayan market should also be pointed
out. 45% of cards are issued by nonbank operators (Banco Central
del Uruguay, 2016).

We consider two default situations for the credit card segment:

1) Credit card default in the broad sense: A household has defaulted
onacreditcardinthe broad sense ifany member of the house-
hold hasfalleninto to delinquencywith credit card payments
during the last year.

2 Atotal of 11 mortgages in arrears were observed, representing 10% of
the all households with this type of debt.
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2) Credit card default in the strict sense: A household has defaulted
onacreditcardinthestrictsenseifany member of the house-
hold has fallen into delinquency with credit card payments
during the last year and said delinquency was for more than
three months.

Separation into these categories is possible using information
from the EFHU, while defaultin the broad sense isatransitory delay
in payment, defaultin thestrict sense responds to more permanent
delinquency.

In the sample, 73% of households has some type of debt. When
creditcard debtis excluded, thisfigure falls to 39%*. The 81% of the
debt (excluding credit cards) is granted by institutionsregulated by
the central bank, while 8% of the households obtain credit from in-
stitutions notregulated by the central bank, aswell as from friends,

private individuals, or family members (Figure 1).

Figure 1
URUGUAYAN HOUSEHOLD DEBT

L] Debt. without
Households with debt credit cards
(as percentage of total -
of households) Credit cards

= Without debt

=Regulated financial

1
Origin of the credit system
(as percentage of total
of households with debt) Others
=Both

! Regulated financial system: banks, financial entities, savings and credit unions.
Source: own elaboration using the EFHU database.

® The Annex shows the breakdown by credit segment (Table 1).
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The 18% of the households which have some debt are delinquent
on their payments. If we consider credit card default in the strict
sense, thisfigure decreasesto 7%. Out of the households with mort-
gage debt, 4% are delinquent in their payments. In the nonmort-
gage credit segment delinquency is 10%, while in credit cards it is
17%, and 3% when considering defaultin the broad sense and strict
sense, respectively.

3.2.2 Independent Variables

Households’ sociodemographic and financial characteristics were
employed tospecifythe models. The characteristicsincluded in the
models are those which according to the literature and other pre-
vious empirical studies influence the probability of default among
households.*

Sociodemographicvariablesrefer to the household head. Two def-
initions are used for household head which are tested alternatively.
First, the head is considered as the individual who is most familiar
with the economy of all members of the household, that s, the per-
sonin charge of financial matters with knowledge of expenditures,
income, assets, investments and is the reference person according
to the EFHU. Second, the household head is considered as the indi-
vidualwho makes the greatest contribution to household income. In
this case, the sociodemographic characteristics are obtained from
the ECH. For financial variables, such as income, information is in-
cluded forall household members.

3.2.3 Sociodemographic Variables

Sociodemographic variables include sex, whether the household
headliveswith their partner, theirage, education, and whether they
areinformal employment or are retired, the proportion of workers
among all the household members, the number of household mem-
bers, and whether there are children in the household.

Sex: Incorporated through a binary variable that takes the value
of one ifthe household head is aman, or zero ifisawoman.

4 Characteristics linked to the loans were not included because 20%

of households in the sample have more than one loan with different
features as regards term, interest rate and denomination currency,
among others.
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Therelation between sexand debt repaymentis not conclusive in
theliterature. D’Espallier etal. (2009) identify three causes that ex-
plainwhywomen arelesslikely to default on their debt. First, women
are more conservative and cautious in their investment strategies
which translates into better debt repayment. Second, women are
morerestricted in theiraccess to different credit channels and they
therefore have a stronger incentive to repay and ensure continued
accesstofinancing. Finally, women are more responsive to coercive
enforcement methods applied by institutions. Lower geographical
and employment mobility among women also increases the effec-
tiveness of institutions’ collection efforts. The empirical results are
not conclusive. Marrez and Schmit (2009), and Ormazabal (2014)
find evidence to support that women are less likely to fall into de-
linquency. Meanwhile, Alfaro et al. (2010) do not find sex to be sta-
tistically significant as a determinant of the default probability for
consumer and mortgage credit.

Cohabitation: A binary variable is included that is equal to one if
the household head lives with their partner, and zero otherwise.

Accordingtotheliterature, ifthe marital status of the household
head is married or living with their partner the probability of debt
defaultislower. The reason behind this effectis that such households
are less sensitive to income shocks given that they tend to have two
incomes. Alfaro etal. (2010) do not find evidence to support this re-
lation. Ozdemirand Boran (2004) find astatisticallysignificantand
negativerelation between debt defaultand the debtor being married.

Age: Age (inyears) of the household head.”

Ageisademographicvariable thatis usuallyincluded as a deter-
minant of debt default. Theliterature states that default probability
is possibly higher when the household head is younger, becoming
lower as age increases. Individuals make more investments in their
youth, theyalso have greater expensesand lowerincomes (Alfaro et
al., 2010). To analyze the impact of age on the probability of default
avariable representing the age of the household head is included.

The relationship between default probability and age is linear. Models
are estimated that include age squared, but the relationship is not
statistically significant and for that reason only age is represented in
the models. Meanwhile, the relation between indebtedness and age is
quadratic.
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Level of education: A binary variable is used that is equal to one if
the individual has completed a bachelor’s or higher university de-
gree, and zero otherwise.’

Accordingtotheliterature, thelevel of education of the reference
personinthehousehold hasasignificantand negative effect on debt
default probabilitybecause more educated individuals have a great-
er ability to make decisions on their financial situation. Moreover,
education is positively correlated with income, which reduces the
probability of debt default. Costa (2010) finds evidence to support
thisrelation. Alfaro etal. (2010) find that education is only asignifi-
cantdeterminant of mortgage debt defaultand isnotsignificant for
nonmortgage debt.

Proportion of household members in employment: The proportion
of household members with paying jobs is used as an explicative
variable.

The larger the proportion of family members with paying jobs,
the less sensitive the household is to income shocks, meaning their
probability of debt default should be lower. Alfaro etal. (2010) find a
significantrelation between the proportion of household members
with paying jobs and debt default probability, but with an opposite
sign. They explain this relation based on job security and the mo-
tivation behind the number of people working in a household. On
the one hand, households belonging to the lowest income quintiles
are those with less education and therefore access to less qualified
jobsand more vulnerable to changesin macroeconomic conditions.
People belonging to higher income quintiles tend to be better edu-
cated and have access to more qualified and stable jobs. These re-
sultsare demonstrated by Fuenzalindaand Ruiz-Tagle (2009). Lower
income households with more vulnerable job sources might have
greater incentives for more members of the household to work than
richer households. Furthermore, the fact that alarger number of
memberswork doesnotimplythatahousehold hasahigherincome.
Thisistrueiftheincome earned by households with more members

% No information is available on the number of years in education as a
continuousvariable given that data contained in the EFHU is an ordinal
variable for different levels of education. Different levels of education
are tested and that of bachelor’s or higher degree is reported because
it is statistically significant.
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in paying jobs are on average lower than the income generated by
households with less members in employment.

Household members: Number of household members.

Avariable used to characterize the structure ofahousehold. The
literature generallyfindsa positive and significant relation between
the number of household members and debt default.

Children: Abinaryvariable that takes the value of oneifthe house-
hold head’s children live at home, and zero otherwise.

Costa (2010) finds evidence that households with childrenliving
in them have a higher probability of debt default than those whose
members are all adults. The study we elaborate for Uruguay only
considers whether any of the household head’s children are living
at home regardless of their age.

Formalemployment: Abinaryvariable that takes the value of one if
the household head isan employee and makes pension contributions.

Formalityisassociated with amore stable employment situation.
Itshould be expected that being formal reducesahousehold’s debt
default probability.

Retired: Abinary variable that takes the value of one if the house-
hold head isretired or receives a pension.

Justaswith formal employees who have astable monthlyincome,
it should be expected that being retired or a pensioner reduces a
household’s debt default probability.

The omitted groupis composed of householdsinwhich the head
isunemployed or in formal employment.

3.2.4 Household Financial Variables

Financial variables include income, the financial burden of the
household, the relation between expenditures and income earned
bythe household, and the type of institution orindividual that grants
them credit.

Income: Toanalyze theimpact of income on default probability, the
log of monthlyhouseholdincome obtained from the ECHisincluded.

Most empirical works find a significant and negative relation be-
tween income and the probability of debt defaultamong households,
Costa (2010), Alfaro et al. (2010), Ormazabal (2014).

Financialburden: Abinaryvariableisincluded that takesthevalue
of oneifahousehold declaresitspends more than 75% ofitsincome
on loan repayments, and zero otherwise.
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According to Alfaro et al. (2010), borrowers will avoid default-
ing on their debt as long as they have sufficient income to cover the
repayments. They test different thresholds of the financial burden
declared by households, finally selecting one at 75% because it is sta-
tistically significant. This threshold is also used by Fuenzalindaand
Ruiz-Tagle (2009), who define households with a financial burden
of more than 75% of their income asthose with ahigh financial bur-
den.Itistobe expected that householdswith ahigh financialburden
have a greater probability of defaulting on their debt.

Relation between household expenditure and income: Abinaryvariable
thatadoptsthevalue of oneifahousehold’s expendituresare higher
than its income, and zero otherwise.

Ahousehold might find it difficult torepay their debt because the
expensesitincursare higher than the income it earns. Households
with expenditures higher than their income are expected to have a
greater probability of defaulting on their debt.

Number of credit cards: The number of credit cards ahousehold has.
Used for the credit card segment.

Considersallthe credit cards ahousehold has. Ifarelation exists
between the number of credit cards and default probabilityit should
be positive. A larger number of credit cards implies more debt or
contingent debt for the household.

Regulated sector: A binary variable that is equal to one if at least
one oftheloansisgranted byan institution regulated by the central
bank, and zero otherwise.

This variable is included in the model estimated for each credit
segment in order to determine whether the probability of debt de-
faultis higher orlower forloans granted by the financial system reg-
ulated by the central bank as compared toloans from other sources.

Bankingsector: Abinaryvariable thatis equalto oneifalltheloans
are granted by the banking sector, and zero otherwise.

Thisvariable is included in the model estimated for the regulat-
ed sector in order to determine whether there are any differences
between the banking sector and other financial institutions regu-
lated by the central bank.

Table 1 shows the descriptive statistics used in the estimations.
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DESCRIPTIVE STATISTICS

Standard
Variable Observations  Mean deviation ~ Min  Max
Nonmortgage debt 3,490 0.341 0.474 0 1
Nonmortgage debt 1,191 0.102 0.303 0 1
default
Credit card 3,490 0.615 0.487 0 1
Card default 2,146 0.169 0.375 0 1
Card default (strict 2,146 0.025 0.157 0 1
sense)
Male 3,490 0.360 0.480 0 1
Cohabits 3,490 0.573 0.495 0 1
Age 3,489 51.578 16.470 17 100
University 3,490 0.210 0.407 0 1
Log (income) 3,489 10.408 0.743 7.31 13.64
Proportion of 3,490 0.566 0.339 0 1
workers
Members 3,490 3.003 1.663 1 15
Children in the 3,490 0.551 0.497 0 1
household
Expenditures higher 3,483 0.148 0.355 0 1
than income
High financial 3,442 0.035 0.185 0 1
burden
Formal employment 3,490 0.458 0.498 0 1
Retired 3,490 0.229 0.420 0 1
Unemployed 3,490 0.313 0.464 0 1
or informal
employment
Regulated sector 3,490 0.301 0.459 0 1
Banking sector 1,051 0.532 0.499 0 1
Number of credit 3,490 1.405 1.713 0 20

cards

Source: EFHU2 and ECH.
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4. METHODOLOGY

We propose two models to explain household debt default, one con-
ditional on having debtand another unconditional on having debt.
The conditional model explains the determinants of default for
households that have debt, while the unconditional model allows
for obtaining the determinants of default for all households in the
sample when it is considered there might be selection bias. In this
case, selection bias can be determined because the decision of the
household to have debt and not pay it is not independent. We test
for this in the nonmortgage credit segment and that of credit card
defaultin the broad sense.

Allthe estimations use household weights, so theresultsare nation-
allyrepresentative. These weights can be found in the EFHU database.

4.1 Conditional Estimation

A probit model is estimated for the credit card and nonmortgage
debt segments. The aim is to be able to determine which financial
and demographic characteristics are significant for each segment,
aswell as analyze whether there are differences in the variables ex-
plaining default among said segments.

Two models are specified for each segment. The first model re-
ferstoallthe householdsthat have atleast oneloaninthatsegment,
adding the regulated sector as an independent variable in order to
determine whether the debt default probability is different accord-
ing to the type of institution or individual granting aloan. The sec-
ond model only considers households in which at least one loan is
granted by the regulated financial system.

Model Pr(yi|xi :l)zF(Ziﬁ)’

where, y; isabinaryvariable that takes the value of one if household
iis not up to date on its debt payments and zero if it is;” x;is a binary

" For the credit card segment two definitions of default are considered
and two models are estimated. The first of them defines household
default in the broad sense as when any member of the household has
fallen into delinquency on credit card payments during the last year.
In the second we define that a household is delinquent in the strict
sense if such payments are more than three months overdue.
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variable thatisequalto oneifhousehold thasadebtinthe creditseg-
mentbeinganalyzed; Z; isavector ofindependent sociodemographic
and financialvariablesincluding the regulated sectorvariable. The
number of credit cards is included as an explicative variable in the
models for the credit card segment. And F is the standard cumula-
tive distribution function.

4.2 Unconditional Estimation

To estimate the probability of default by unconditional credit seg-
ment the information from all the householdsin the sampleisused
to estimate a heckprobit model.

This estimation is important given the selection bias that might
existinthe conditional models towards householdswith debtiftheir
decisionto have debtand default onitarerelated. In this case we can
say that selection bias exists and the estimation used to determine
the effects of model variables should be the unconditional one, or
the estimations will be biased.

In light of the above, we estimate three models: a model for the
nonmortgage creditsegment, another for credit card defaultin the
strict sense, and a model for credit default in the broad sense.

To estimate the unconditional probability, we define y;;as a di-
chotomousvariable that takesthe value of oneifthe householdisde-
linquentinits debt repayments, and zero if not. We also define yy;as
adichotomous variable that takes the value of one if the household
hasdebtinthe creditsegmentbeinganalyzed and zeroifit does not.

1if y,>0 and y, =1
;=10 if y;<0 and y, =1

there are no observations if y,;, =0

where y/, is a latent variable for the debt payment decision of the
household. Selection takes place in this model and we observe y,; if
y9;=1. The selection equation is written as follows:

1if 35,20

2700 4 <0
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where y;; isalatentvariable onthe decisiontoacquirealoan orhavea
credit card for the credit segment. Following Mello and Ponce (2014)
the decision for requesting aloan is theoretically derived from the
maximization of some utility function which depends on credit. A
household contracts debtifthe utility of consumption financed with
debt exceeds the cost of such financing.

The equations for the latent variables in this model are:

.
Y, =xB+v,;,

.
Yoi =2, B + 0y, -

It assumed that the vector (vy;, v9;) has bivariate normal distribu-
tion with mean (0, O)variance (1, 1) and correlation p.

The selection equation determines the probability of a house-
hold contracting nonmortgage or credit card debt and is estimated
based onsome of the variables suggested by the model presented in
Melloand Ponce (2014). To correctlyidentify the model there should
be atleast one variable in the selection equation that is not present
in the original equation. In the models presented, this binary vari-
able takes the value of one if the household hasabank account, and
zero otherwise. The exclusion variable, having abank account, isa
variable of access to the financial system and is positively and signif-
icantly correlated with a household having debt (Mello and Ponce,
2014). However, there isnorelation between having abank account
and a household’s decision to pay its debt.

Selection equation Pr(y,;)=F(C,),

where F(') is the standard cumulative distribution function; yy;is a
binary variable that is equal to one if household ihas a debt in seg-
ment ¢, and zero otherwise; and C;is a vector of regressors that in-
cludesagroup of binaryvariables thatindicate whetherahousehold
has a bank account, if there are children in the household, if the
head has a bachelor’s or higher degree, and if the head is in formal
employment or retired. Moreover, age, age squared, the number of
members, and the log of household income areadded as regressors.

Wetestwithalltheindependentvariables used for the probability
of debtdefaultand onlythose thataresignificantfor explaining the
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probability that a household has nonmortgage or credit card debt,
using a backward selection approach ® that eliminates the regres-
sorswitha p-value higherthan 0.1, areleftin the selection equation.
Furthermore, abinaryvariable isadded that identifies households
withabankaccount.

Giventhattheaimistoassessthe effects of default probability on
creditgranted bytheregulated financial systeminthe nonmortgage
credit segment, only households with loans from regulated institu-
tions are considered.

Because the assumption of normalityis strong and the effects of
the parametersin the decision to acquire debt might be non-linear
with the decision not to pay it, Alfaro et al. (2010) propose an alter-
native method. They define the effect of the first stage (decision to
have debt) on the second stage (debt default decision) of household
¢ as the logistic transformation of the probability of an individual
having a debt G;=g(PX;), where g is the logistic transformation and
PX; is the probability that ys;=1. Furthermore, the standard errors
are adjusted by a bootstrapping procedure with 2,000 replications.

The same estimation proposed by Alfaroetal. (2010) is carried out
to compare the results with the heckprobit estimation. The results,
which are presented in the Table A.3, show that the logistic trans-
formation and its second-degree polynomial are not significant in
the models estimated.

5. RESULTS

5.1 Conditional Probability of Default Model
for the Nonmortgage Credit Segment

Two conditional probability models are estimated. The first con-
siders total nonmortgage credit and the regulated sector variable
is added as a control. A second model is then estimated that only
considers households with at least one loan granted by a regulated

Backward selection of variables estimates amodel with all the regressors
of interest and then eliminates those that are least significant, starting
with the one with the highest p value. This method uses the stepwise [,
options] Stata command to select variables and the level of significance
established for the estimations is 0.10. In this way, the method elimi-
nates all the variables with a p above 0.10.
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financialinstitution and the probability of default on nonmortgage
debtisestimated. The bankingsectorvariableisadded tothesecond
model as a control. The results are shown in Table 2.

The sociodemographic variables that are significant in the con-
ditional probability model include age, sex, type of employment of
the household head, whether they live with their partner, and the
number of household members. The probability of mortgage credit
default is less for households where the household head lives with
their partner and where the household head is older. Meanwhile,
if the household head is male or the household has more members
the probability of debt default is greater. If the household head is
in formal employment or retired the probability of default is less
than for households where the head is unemployed or in informal
employment.

Amongthe financial variables, income and the relation between
current expenditures and income are significant. In households
where current expenses are higher than the income the probability
of debt default is larger. The higher the income of a household the
less likelyitisto default onits debt. If the household has at least one
loan granted by the regulated sector, the probability of debt default
isalso higher. Thelatterresultisrelated tothefactthat besidesbanks
theregulated sectoralso encompassesfinancial companiesand sav-
ings and credit cooperatives, which have a higher default rate than
banking institutions.

Thisissupported by the model estimated for default on nonmort-
gage credit granted by the regulated sector where a binaryvariable
is added (banking sector) that takes the value of one if all a house-
hold’s loans are from the banking sector, and zero otherwise. The
variableissignificantwith anegative sign, meaning thatifthe credit
is granted by the banking system the probability of default is lower
thanifitis granted by other types of regulated institutions. The es-
timated average probability of default in the conditional nonmort-
gage creditsegmentis 9.5%, while the estimated average default for
loans granted by the banking system is 3.4 percent.

When the household head is considered as the member making
the largest contribution to household income, variables such as liv-
ingwithapartner, andvariableslinked to employment status and sex
cease to besignificant. This result provides evidence to support the
factthattheimportantsociodemographic characteristics are those
thatrefer towhoactuallymakes the household’s financial decisions
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and not to who participates mostinincome generation. The results
of the models estimated for this definition of household head are
presented in Table A.2 in the Annex.

5.2 Conditional Probability of Default Model for the Credit
Card Segment

In the credit card segment, household default probability models
are estimated for two types of delinquency. The dependentvariable
in the first model is a binary variable that takes the value of one if
a household declares that any of its members fell into delinquency
with a credit card during the last year. In the second model, we de-
fine that a household is in default in the strict sense if said delin-
quency is longer than three months. The number of credit cards a
household hasisadded asanindependentvariable. Theresultsare
presented in Table 3.

We find a negative and statistically significant relation between
the age of the household head and the probability of falling into de-
linquencywithacredit card. Sex, orwhether the household head has
auniversity education or lives with their partner, are not significant
for this creditsegment. Moreover, the higherahousehold’sincome,
the lower the probability of it being delinquent with a credit card.
Households with alarger number of members have a higher proba-
bility of being overdue with credit card payments. Households with
higher expendituresthanincome orwithafinancial burden greater
than 75% ofitsincome are also more likely to default on credit card
payments. The number of credit cardsa household hasissignificant
and positively correlated to the probability of default on repayments
of atleast one credit card.

When we consider the probability of being delinquent in credit
card payments for more than three months, the age of the house-
hold head is statistically significant. The older the household head,
the lower the probability of being delinquent for more than three
monthsin credit card payments. The higher the household income,
the lower the probability of being delinquent for more than three
monthsin credit card payments. The number of members, number
of credit cards, and financial burdenare not significant variables for
explaining delinquency of longer than three months. Once again,
therelation between currentexpendituresand incomeissignificant.
Householdswith current expendituresabove theirincome are more
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likely to fall into delinquency with credit card payments for three
months or more than households with expenditures lower than or
equal to theirincome.

5.3 Comparison between Segments

The characteristics that determine household debt default there-
fore differ by credit segment. In the nonmortgage credit segment,
some sociodemographic variables referring to the individual who
administers the household’s finances, whether they live with their
partner, their age, sex, and if they are in formal employment or re-
tired, as well as other household linked variables, such as number
of members, aresignificant. Meanwhile, in the credit card segment,
onlythe age of the household head and number of members are sig-
nificant sociodemographic variables.

Differencesarealso observed among the financial variables. The
relation between households’ current expenditures and income is
significant for all credit segments. This result is evidence in favor
of the ability-to-pay theory on debt default in which households will
avoid not paying their debt as long as their income is sufficient to
cover the payments.

The financial burden is only significant for the credit card seg-
mentand for delinquencyin paymentsin the broad sense. Variables
associated with the employment status of the household head are
only significant in the nonmortgage credit segment. Income, on
the other hand, is significant in all the credit segments and for all
default definitions.

5.4 Unconditional Probability Models

5.4.1 Nonmortgage Credit

The results of the unconditional default probability model for the
segment of nonmortgage credit granted by the regulated financial
are presented in Table 4.

The results obtained from the selection equation of the non-
mortgage credit default modelindicate that having abank account
increases the probability of having anonmortgage loan granted by
the regulated financial sector. Meanwhile, households with more
members or with children of the household head living in them are
more likely to have this type of debt. If the head has a bachelor’s or
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higher degree the probability of the household having nonmort-
gage debtis lower.

With respect to the age of the household head, there is a life-cy-
cle effect through which as age increases the probability of having
nonmortgage debt grows, but at a decreasing rate. Higher income
householdsare more likely to have nonmortgage debt. If the house-
hold head is retired or in formal employment, the probability that
the household hasnonmortgage debtis greater than for those where
the head is in informal employment or unemployed.’

The Wald testshows that thereisasignificant correlation between
the error terms and it is therefore appropriate to use a heckprobit
model to obtain the unconditional probability of nonmortgage
debt default.

In this specification, the probability of the household default-
ing on its mortgage debt is higher if the head is male. The older the
household head the less likely it is not to pay its debt. The cohabita-
tion variable ceases to be significant in the unconditional model.
However, the university variable is significant and negative in that
model. The higher the income of the household, the less likely it is
todefault onitsdebt. Householdswithalarger number of members
or with expenditures above their income have a higher probability
of debt default. Finally, beingretired is not significantin the uncon-
ditional model, while the household head being in formal employ-
ment reduces the probability of debt default.

5.4.1 Credit Cards

Anunconditional probabilitymodelis estimated for the credit card
segment in the broad sense and in the strict sense. The results are
presented in Table 4. Besides the variables considered previously,
these models also include the number of credit cards a household
hasasanindependent variable in the main equation.
Accordingtotheselection equation, havingabank account,’and
the household head having children, being in formal employment,

9 These results are similar to those obtained by Mello and Ponce (2014)
in their study on the determinants of debt default among Uruguayan
households. However, they use asurvey (prior) different from the EFHU.

19 Tt is not necessary to have a bank account in Uruguay in order to have
a credit card. In the sample, the 36% of households that own a credit
card does not have a bank account.
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and having a bachelor’s or higher degree increase the probability
of owning a credit card. The probabilityis also higher in older age,
althoughitthen declines. Higherincome householdsare also more
likely to have a credit card.

In the unconditional probability model for credit card default
in the strict sense, the Wald test does not reject the null hypothesis
that the probability of credit card debt default and that of having a
credit card are independent. Hence, the estimation for credit card
defaultinthestrictsenseis used without consideringselection bias.

When we consider credit card defaultin the broad sense, we can-
notrejectthe hypothesisthattheyareindependent and we therefore
use the unconditional probability model.

Accordingtotheresults obtained, the olderthe household head,
the more likely they are to fall into delinquency with their credit
cards. Households with more members have a greater probability
of credit card default. If the household head is in formal employ-
ment the probability of credit card default decreases. If household
expendituresare higher thanincome the probability of falling into
delinquencywith credit card paymentsis greater. Finally, households
withalarger number of credit cards are more likely to be overdue in
their payments of at least one of them.

5.5 Household Risk

The household default probability estimated can be used as a mea-
sure of household risk. We perform a test for difference of means
inthe estimated probability of nonmortgage debt default consider-
ing, on the one hand, households that have at least one loan grant-
ed bytheregulated financial sectorand, on the other, those who do
not have nonmortgage debt in the regulated sector.! The results
are shown in Table 5. According to the test for difference of means,
householdswithanonmortgage debtin theregulated system have a
differentandslightly higher mean than householdsthat donot have
anonmortgage debtin the regulated system.

If, onthe other hand, we consider householdswithnonmortgage
creditin the banking sectorand nonmortgage creditin other insti-
tutions from the regulated sector, we observe that the former have

I Tn other words, those that have all their debt in the unregulated sector
or those without debt.
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TEST FOR DIFFERENCE OF MEANS BETWEEN HOUSEHOLDS
THAT HAVE CREDIT IN THE REGULATED SECTOR
AND THOSE THAT DO NOT

[95%
Standard ~ Standard confidence
Group Observations  Mean error deviation interval]
Without 2,407 0.030  0.0007 0.0358  0.03 0.0315
nonmortgage
debt in the
regulated
sector
With 1,026 0.033  0.0012 0.0342  0.03 0.0352
nonmortgage
debt in the
regulated
sector

Difference = mean (without debt) — mean (with debt)
H,: difference=0

H;: difference<0 p value=0.0088

H,: difference#0 p value=0.0175

H,: difference>0 p value= 0.9912

an estimated average probability that is statistically significant and
lower than the latter (Table 6).

Finally, we consider the probability of credit card default estimat-
ed asameasure of household risk. A difference of means testis per-
formed for the probability of credit card defaultin the broad sense,
considering on one side households that have credit cards and on
the other those who do not. The results are presented in Table 7.

Accordingtothedifference of meanstest, householdswithatleast
one credit card have an estimated mean probability of debt default
different from and higher than those that donot have a credit card.
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TEST FOR DIFFERENCE OF MEANS BETWEEN HOUSEHOLDS
WITH CREDIT IN THE BANKING SECTOR AND THOSE THAT HAVE IT
WITH OTHER INSTITUTIONS FROM THE REGULATED SECTOR

[95%
Standard Standard  confidence
Group Observations  Mean error  deviation interval]
Nonmortgage
debt in other
institutions 479 0.0405 0.0018 0.0386 0.0371 0.04
from the
regulated sector
Nonmortgage
debt in the 547 0.0266 0.0012  0.0283 0.0242 0.03

banking sector

Difference = mean (without debt) — mean (with debt)
H,: difference=0

H;: difference<0 pvalue=1

H,: difference#0 pvalue=0.000

H;: difference>0 pvalue=0.000

TEST FOR DIFFERENCE OF MEANS BETWEEN HOUSEHOLDS WITH
CREDIT CARDS AND THOSE WITHOUT THEM

[95%
Standard Standard  confidence
Grupo Observations  Mean error  deviation interval]
Households
without credit 1,324 0.0815  0.002 0.0736  0.0775 0.09
card
Households with

credit card 2,109 0.124 0.0019  0.0879 0.1203 0.13

Difference = mean (without debt) -mean (with debt)
H,: difference=0

H;: difference<0 pvalue=0.000

H,: difference#0 pvalue=0.00

H,: difference>0 pvalue=1
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6. APPLICATION: IMPACT OF THE FINANCIAL
INCLUSION LAW ON HOUSEHOLD DEFAULT

The purpose of this section is to project the possible impact of the
Financial Inclusion Law on household debt default by applying the
models estimated. In particular, the study focuses on the impact of
the measure enforced by the Law that establishes the obligation to
pay dependent employees’ wages through electronic payment me-
dia. Article 10 of the Financial Inclusion Law (19.210) stipulates that
“payment of salaries and all other money items dependent employ-
ees are entitled to receive, whoever their employer might be, must
be credited to an account at financial intermediation institutions
or in an electronic money instrument at institutions offering such
services.” Asof October 2016, allworkers must collect their earnings
through electronic media. However, theymayagree with the paying
partyto continue receiving their earnings through different media
than that set out by the Law, including cash, until April 30, 2017.

To perform the projection for the models estimated, we firstiden-
tify the households with atleast one dependent worker and without
abank account. We then assume that those workers open abank ac-
count once the Financial Inclusion Law comes into force. Finally,
using the models estimated in Section 5, a prediction is made for the
probability of those households requesting credit and falling into
delinquencyontheirdebtaccordingtotheirsociodemographicand
financial characteristics. The projection is made for the nonmort-
gage credit and credit cards segment.

Fromthe EFHU, 50% of the households do not have bank accounts,
and out of those households 57% have at least one member who is
a dependent worker. Once the Financial Inclusion Law comes into
effect, the householdsthat have atleast one memberwhoisadepen-
dent worker should be expected to open a bank account.

According to the unconditional probability estimations per-
formed for the cards and nonmortgage credit segment, in the se-
lection equation, having a bank account increases the probability
of having a debt ora credit card. The existence of a prior link to the
bank, such asabank account, makes the individual, who was previ-
ously unknown to the bank, a potential credit customer. Mello and
Ponce (2014) find a positive and statistically significant relation be-
tween having a bank account and having a loan with the financial
sector in Uruguay.
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We proceed as follows. For households that have at least one mem-
ber with a paying job, avalue of 1 isimputed for the binaryvariable
that represents having abank account. Next, the probability of this
household having a nonmortgage loan or access to a credit card is
estimated with the model presented for unconditional probability.

Tobeabletodetermine the threshold probability based on which
itis considered thatahousehold does decide to have aloan oracredit
card we select the value that maximizes the Youden index. This in-
dexisusedasasummarymeasure of the ROC' curve and defines cri-
teriaforselectingan optimal threshold probability of debt or credit
card (Flussetal., 2005).

IY =max, {Se(c)+Sp(c) -1}

where Se(c)is the ratio of true positives or sensitivity and Sp(c)is the
ratio of true negatives. In this case, Se(c)is the percentage of house-
holds classified as having nonmortgage or credit card debt if the
household in the sample has a debt or a credit card and Sp(c) is the
percentage of households classified asnot having nonmortgage debt
or credit card if the household in the sample does not have debt or
credit card. The index can go from 0 to 1, where a value close to 1
means the selected threshold is very effective for separating both
populations and a value of 0 means itis not.

Based on the unconditional probability models, threshold cis es-
tablished as the value that maximizes the joint probability of true
positive and true negative ratios. Next, the probability thata house-
hold has debt or not is estimated using unconditional models. Fi-
nally, if the probability of the household having debtis greater than
the established threshold, 1isimputed to the debt variable'*for that
household, and the probability of the household defaulting on that
debtis estimated. The thresholds obtained are shown in Table 8.

2 The signal detection theory uses ROC (Receiver Operating Character-
istics) curves to make a graphic representation of sensitivity versus
specificity for a binary classifier system according to variations in the
discrimination threshold.

¥ To perform the exercise, it is assumed that households above the
threshold will have access to credit and the loan is granted to them.
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THRESHOLDS

Classification (Pr > c) Threshold ¢
Nonmortgage debt 0.288936
Nonmortgage debt default 0.028952
Credit card 0.647420
Credit card default 0.155079

6.1 Nonmortgage Debt

Theaverage probability of having nonmortgage debtincreases from
30% to 33%when considering salaried employees’ obligation to have
abankaccount.

Outofthe householdsthathave atleast onesalaried employee and
do not have a bank account before the reform, 34% had nonmort-
gage debt. Afterthe reform, and considering the imputed threshold,
this percentage increasesto 86%. To determine whether this group
of households (with aleast one member who is asalaried employee,
and who did not have abankaccount orloan priorto the reform, and
then when they have a bank account decide to request aloan) hasa
probability of debt default significantly different from the group of
individualsthathad abankaccount before the reform orwho did not
haveabankaccountbutdonotdecidetotake outaloan, we perform
a test for difference of means. As can be seen in Table 9, the differ-
enceisstatistically significant and higher for those new households
that obtain credit after opening a bank account. The average prob-
ability of default for them is equal to 4%, a figure slightly above the
average unconditional probability for the sample as awhole.
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DIFFERENCE OF MEANS TEST ON THE DEFAULT PROBABILITY
FOR THE NEW GROUP ACCESSING CREDIT

[95 %
Standard Standard  confidence
Group Observations Mean error  deviation interval]
Other 2,968  0.0264 0.0006 0.0346 0.025 0.028
households
With
nonmortgage
debt due to 2,109 0.124 0.0019 0.0879 0.12 0.128
Financial

Inclusion Law
Difference = Mean (without debt) -mean (with debt)
H, = Difference=0
H, = Difference <0 p value=0.000
H, = Difference #0 p value=0.000
H, = Difference >0 p value=1

DESCRIPTIVE STATISTICS BY GROUP

With nonmortgage credit
due to the financial

Variable inclusion law Other households

Age 49 52
Income 30,626.5 33,514.7
Members 3.77 2.88
Expenditures higher 0.1663158 0.1449468

than income
University 0.210084 0.2398806
Formal employee 0.4054622 0.4661579
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Table 10 shows some descriptive statistics for variables that are
statisticallysignificantin the nonmortgage debt default probability
model for the group of households without a bank account, with at
least one salaried employee among their members and that incur
debt once they have a bank account, and for the remaining house-
holds.

As can be seen, households without a bank account, with at least
one salaried employee among their members and that incur debt
once they have opened a bank account after the Financial Inclu-
sion Law, on average have a younger household head. The average
income of these households in Colombian pesos is lower, and they
have a higher average number of members. Moreover, the propor-
tion of householdswhose expendituressurpasstheirincomeislarger
among this group, while the proportion of households whose head
holds a bachelor’s or higher degree is smaller. Finally, the propor-
tion of households whose head isin formal employmentis also lower.

For households that have a higher probability of incurring debt
than the estimated threshold, the value one is imputed for the non-
mortgage debt variable, and the probability of default on the non-
mortgage credit granted by the formalfinancial sectoris estimated.
Households with a mortgage debt default probability above the de-
fined threshold are considered not to pay their debt. The proportion
of unpaid nonmortgage debt shifts to approximately 15%, repre-
senting an increase of around four percentage pointsin the default
rate for this type of loan.

6.2 Credit Cards

Accordingtodatafromthe EFHU, 61% of households have atleast one
credit card. Out of the households that do not have a bank account
but have atleast one memberwith apayingjob, 51% have credit cards.

Following Youdenindex criteria, athreshold is determined above
which householdshave acredit card. The proportion of households
without a bank accountand with at least one member with a paying
job that have credit cards after opening a bank account increases
by up to 82 percent.

Ifthe probability of havinga credit card surpasses the threshold,
the household is therefore imputed to have a credit card, and we es-
timate the probability of itfalling into delinquencywith its payments
(in the broad sense). The average default probability, in the broad
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sense, of those that obtain a credit card is similar to the average for
the sample as awhole and equal to 14.5 percent.

We perform a test for difference of means between this group of
households, which we call “group with at least one member with a
payingjob, withoutabank account before the reform and that once
they have opened a bank account decide to have at least one credit
card,” and the rest of the sample. The group of households that ob-
tain credit cards after the Financial Inclusion Law does not have a
default probability (in the broad sense) statistically different from
the rest of the sample. The results are presented in Table 11.

DIFFERENCE OF MEANS TEST FOR THE PROBABILITY OF
CREDIT CARD DEFAULT IN THE BROAD SENSE

[95 %
Standard Standard  confidence
Group Observations  Mean error deviation interval]
Other 3,145  0.1433 0.0019  0.106  0.14 0.147
households
With credit
card due
to the 988 0.1454 0.0057 0.0967 0.134 0.16
Financial
Inclusion
Law

Difference = Mean (without debt) —-mean (with debt)
H, = Difference=0

H, = Difference<0 p value=0.3475

H, = Difference #0 p value=0.7491

H, = Difference>0 p value= 0.6255

7. FINAL REMARKS

Inthis paper, we estimate models for Uruguayan households’ default
probabilityin different credit segments. The results of the variables
that are statistically significant differ according to the credit seg-
ment considered. However, the age of the household head and the
relation between household expenditure and income are significant
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in all the segments. Income is also important in explaining house-
hold defaultinall the segments except fallinginto delinquencywith
creditcard payments (in the broad sense) when the model estimated
is corrected for selection bias.

Furthermore, the sociodemographicvariables ofimportanceare
thosereferringtothe personwith most knowledge of the household’s
financial matters, the reference personaccordingtothe EFHU and not
the personwho makesthe greatest contributionin terms ofincome.

Having models on the probability of default among Uruguayan
households enables different studiestobe carried out on household
behavior, their vulnerability to macroeconomic conditions and to
assess policies that have an impact on debt default. This paper ex-
tends the use of the models by presenting an assessment of the Fi-
nancial Inclusion Law and the effect of the obligation to paysalaries
through electronic media on debt default, and thereby on total de-
linquency in the system.

The models estimated lay the foundations for future works to an-
alyze the relation between credit constraints and the probability of
household debt default as a measure of household credit risk, and
studythe effects of anincome shock on household debt default. Fur-
thermore, using data from the EFHU, itis possible to analyze the de-
terminants of default onloans based on their characteristics.

ANNEX
BREAKDOWN BY CREDIT SEGMENT
Percentage of all households with debt
Exclusively mortgage debt 1
Exclusively nonmortgage debt 15
Exclusively credit cards 47
Mortgage debt and credit cards 6
Nonmortgage debt and credit cards 28
Mortgage and nonmortgage debt 1
Credit cards, mortgage debt, and nonmortgage debt 4

Source: Author’s calculations based on data from the EFHU.
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MODELS FOR NONMORTGAGE CREDIT
Household head as the largest contributor to household income

Nonmortgage credit Regulated nonmortgage
Dependent variable default credit default
Male 0.054 0.091
(0.137) (0.144)
Cohabits 0.023 0.076
(0.146) (0.154)
Age -0.015* -0.013¢
(0.005) (0.005)
University -0.312 -0.196
(0.304) (0.336)
Log(income) -0.258" -0.257°
(0.114) (0.123)
Proportion of workers 0.853 0.258
(0.259) (0.277)
Members 0.138* 0.122=
(0.043) (0.047)
Children -0.069 -0.128
(0.167) (0.179)
Expenditure>income 0.500° 0.453*
(0.127) (0.137)
Financial burden > 0.060 -0.059
75% (0.185) (0.217)
Formal employee -0.148 -0.137
(0.165) (0.171)
Banking sector -0.701*
(0.143)
Regulated sector 0.608*
(0.222)
Constant 0.769 1.608
(1.060) (1.162)
Observations 1,150 1,027
Pseudo R? 0.1158 0.1513
Log pseudo-likelihood -105,977 -95,216.382

Notes: standard errors in parenthesis. * p<0.01, * p <0.05, < p <0.10.
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TWO-STAGE ESTIMATIONS FOLLOWING THE METHODOLOGY
PROPOSED BY ALFARO ET AL. (2010)

Nonmortgage debt
Dependent variable default (broad sense) Card default

Male 0.252¢ -0.057
(0.132) (0.145)

Cohabits -0.261° 0.053
(0.13) (0.149)
Age -0.016* -0.021¢
(0.005) (0.006)
University —-0.494¢ —-0.332¢
(0.263) (0.199)

Log(income) -0.276* -0.175
(0.107) (0.195)

Proportion of 0.421¢ -0.317
workers (0.247) (0.29)
Members 0.133 0.036
(0.05) (0.062)
Children 0.392¢ -0.264
(0.208) (0.176)

Expenditure>income 0.605° 0.797¢
(0.121) (0.157)

Financial burden > 0.165 0.37
75% (0.188) (0.273)
Formal employment -0.09 -0.052
(0.239) (0.329)
Retired -0.117 -0.044
(0.29) (0.21)
Number of credit -0.028
cards (0065)
G(px) -0.455 -0.084
(0.581) (0.186)

G(px)? 0.17 0.102
(0.251) (0.248)

Constant 0.899 0.938
(1.053) (1.935)

Observations 1,149 1,026
Simulations 2,000 2,000

Bootstrapped standard errors in parenthesis. *  <0.01, * p <0.05, < p <0.10.
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