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Abstract

Using household survey data | estimate a model of consumer loan access, lender choice and default
behavior. Households are sorted into different lenders, with higher income and education being
associated with bank lending. Families with no demand for debt have low unemployment and wage
risk. Also, debt amounts are quadratic in age and increase with unemployment risk, wage volatility
and household size, which may be motivated by consumption smoothing of life-cycle and income
shocks. Default behavior decreases with income and increases with higher indebtedness, health
shocks, unemployment and wage risk, confirming there is imperfect screening of individual risk.

Resumen

Utilizando datos de la Encuesta Financiera de Hogares (EFH) estimo un modelo de acceso a créditos
de consumo, seleccion de acreedor y comportamiento de impago. La evidencia muestra que los
hogares se agrupan entre distintos tipos de acreedores, con mayor educacion e ingreso estando
asociados a crédito bancario. Familias sin demanda por deuda presentan bajo riesgo de desempleo y
de volatilidad del ingreso laboral. Ademas, el monto de deuda es cuadratico en edad y aumenta con
riesgo de desempleo, volatilidad del ingreso laboral y tamafio del hogar, lo que puede ser motivado
por suavizacion de consumo debido al ciclo de vida y choques de ingreso. ElI comportamiento de
impago disminuye con mayor ingreso y aumenta con mayor endeudamiento, choques de salud,
riesgo de desempleo y volatilidad del ingreso laboral, confirmando que el mecanismo de monitoreo

de los riesgos de los deudores por parte de los acreedores es imperfecto.
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1 Introduction

Household debt increased consistently in the last decades, both in emerging economies (IMF, 2006)
and developed countries (Girouard, Kennedy, André, 2007). This evolution in the quantity of
household credit coincided with a period of strong financial innovation, with a great range of loan
products being available to consumers. Many consumers are able to access credit from a variety
of sources, such as credit cards, auto loans, education loans, and for motives as diverse as health,
vacations, purchase of durable goods, or a renegotiation of previous debts. Also, the technological
evolution has allowed lenders to process larger and better databases on the characteristics of debtors,
allowing for an increased use of credit scoring and an heterogeneity of loan terms for each applicant
(Roszbach, 2004, Edelberg, 2006, Einav, Jenkins and Levin, 2012). Yet despite an increasing
availability of consumer credit, several families are still unable to access credit markets or obtain
lower loan amounts than desired (Adams, Einav and Levin, 2009). The factors behind consumers’
loan choice and their credit constraints have been documented in recent studies for the United
States (see Dynan and Kohn, 2007, Attanasio, Goldberg and Kyriazidou, 2008, Adams, Einav and
Levin, 2009). However, loan choice in developing countries is still understudied.

This paper studies the access to consumer credit, choice of lender and repayment behavior
of families in Chile. Consumer loans are particularly relevant in Chile, since over 60% of the
households have some consumer debt. Using data from the Chilean Household Finance Survey
(EFH), I estimate an econometric model in which families choose among a variety of lender types
according to their earnings, labor risk, demographics, and unobserved factors. I find that families
are sorted into different lenders according to their observable labor market risk. Furthermore,
households’ debt levels, income, and labor market risk have a significant impact on default behavior.
According to the theory of contract pricing and adverse selection (Adams, Einav and Levin, 2009),
lenders should offer higher loan amounts to households that have observables that represent a
safer risk. However, in the presence of unobservable risks known to borrowers but not to lenders,
then we should expect that riskier borrowers will borrow more and be more indebted. Therefore
evidence that higher indebtedness is correlated with default implies that Chilean lenders are unable
to discriminate for all the risk characteristics of the borrowers (Einav, Jenkins and Levin, 2012).

In Chile the market for consumer loans has several different providers and their credit offers



represent imperfect substitutes for consumers. These loan providers access different customer lists
and information, besides being subject to different legal regulations, which affects their loan terms
and the ability to target specific markets (see Marinovic, Matus, Flores and Silva, 2011, for a review
of the structure and legal framework of different credit providers). Differences across lenders - such
as screening costs, asymmetric information, brand preferences, marketing, search and travel costs,
or tied products - can create substantial frictions for customers (Nevo, 2011), which leads us to
model loan choice and repayment as a differentiated product choice.

The model of loan choice and repayment behavior has three main components: i) a categorical
choice between having no debt, wanting debt but being credit constrained, and five different types
of lenders, ii) the choice of loan amount, and iii) a categorical outcome of whether the household
defaulted or not on at least one payment over the previous year. The five lender types in this
categorical model correspond to: Banks, Banks and Retail Stores, Retail Stores, Union Credit (i.e.,
loans provided by credit and labor unions), and Other Loans (which includes auto loans, educational
debt, pawn shops and some informal lending). Banks and Retail Stores are the two major lenders
in Chile, therefore using both lenders is treated as a separate choice than the option of using just
one type of lender. Other types of lenders represent a small proportion of the population and
therefore I do not model the interaction of those lenders with other types of debts. Furthermore,
there are two options for the families that do not report a consumer loan, which are "No Access to
Debt" and "No wish to apply for Consumer Loans". The option of "No Access to Debt" represents
families with credit constraints. These are families who applied for consumer loans but were denied
credit, plus those who wished to apply for credit but did not do so because they expected to be
refused. "No wish for Loans" represents the outside option for all agents, comprising the families
who report not having consumer debt and no interest in applying for loans.

All three endogenous variables - the choice of type of lender, loan amount, and repayment
outcome - are affected by observable and unobservable factors. The observables include income,
education, labor income risk (measured by unemployment risk, wage volatility and the replacement
ratio of income during unemployment), and demographic characteristics such as the age of the
household head and household size. Also, the choice of lender is affected by the motives behind
the indebtedness and unobservable factors of the household for each lender type. Unobservable

factors can be thought as a mix of different effects, including idiosyncratic tastes of households or



bargaining conditions with random-effects that denote "tastes" for each lender and a propensity to
default, plus idiosyncratic terms for each agent over time. Assuming a parametric distribution for
the unobservables, the model is estimated by Simulated Maximum Likelihood (Train, 2009).

The results show that households with different characteristics tend to sort themselves among
different lenders. Households with No desire for Consumer Loans have the lowest wage volatility
and the lowest unemployment and job separation rates among all groups. This result confirms
that consumer debt is related to smoothing income shocks, therefore households with few income
shocks have low demand for consumer debt. Banks are the institution that applies credit scoring
and customer specific interest rates on a wider basis, therefore Banks capture the households of
highest income and with the lowest unemployment rates among loan applicants. Also, households
with loans in Banks suffer the lowest income falls during unemployment. Households with loans in
Bank plus Retail and Other debts have both the largest loans in absolute amount and the larger
ratios of debt relative to income. Households with No Access to Debt have the lowest income levels
and also suffer the strongest income falls during unemployment spells.

Unemployment risk increases the probability of households opting for all loans, but its impact
is highest for clients of Retail Stores, Union Credit and Other Loans. Wage volatility is strongly
associated with opting for Union Credit, Other Loans and No Access to Debt. Loan amounts
increase with income, unemployment risk and wage volatility, therefore it is possible that households
use consumer loans to smooth income shocks. The default probability decreases with income and
increases with high levels of debt amount and debt service (debt service includes both amortization
and interest payments) relative to income, unemployment risk and wage volatility. Bank debtors
have a significantly lower probability of default even after controlling for observable variables. Since
banks resort more to credit scoring and risk-adjusted interest rates, then one should expect banks to
capture the customers with lowest risk (Edelberg, 2006), confirming the economic theory of lender
equilibrium with adverse selection (Jaffee and Russell, 1976, Jaffee and Stiglitz, 1990). Health needs
are positively associated with default behavior, confirming the predictions of economic models for
health expenses that are unpredictable and uninsurable for households (Chatterjee et al., 2007).

Finally, the probability of having a loan and the choice of loan amount is increasing in the
number of household members and quadratic in age, first increasing with the age of the household

head and then falling in its later years. Therefore the demand for consumer debt has an age profile



that resembles the findings of life-cycle consumption in the literature (Attanasio and Weber, 2010).
In terms of unobservable factors, I find that households with higher income and education are less
heterogeneous in their tastes, and that their choice of loan amount is less persistent over time.
This paper is related to a recent and growing literature of empirical models of loan choice
and default behavior which measures the impact of observable risk factors and adverse selection
(Roszbach, 2004, Adams, Einav and Levin, 2009, Einav, Jenkins and Levin, 2012). It extends that
literature in three ways: i) it applies a similar framework for loan choice and default to a developing
economy such as Chile, ii) it introduces a wider range of loan options and unobserved preferences
by using tools from the applied product choice models in the field of industrial organization (Train,
2009, Nevo, 2000, 2011), and iii) it uses a more diverse characterization of labor income risk by
separating overall risk into different variables such as unemployment risk and wage volatility.
This paper is organized as follows. Section 2 describes the consumer credit environment in Chile
and the applied model of loan choice and default. Section 3 summarizes the Chilean Household
Finance Survey dataset (2007-2011) and the main characteristics of Chilean families. Section 4
describes the sorting of households across different types of lenders in terms of loan amount, income
and labor market risk. Section 5 presents the results of the joint model of lender choice, loan amount

and default. Finally, section 6 concludes with implications for policy and future research.

2 Credit environment and empirical model of consumer behavior

2.1 The structure of consumer loan providers in Chile

This section starts with a review of the structure of Chilean credit markets and the differences
among lenders, whether caused by differentiated product lines or by legal regulations (see Marinovic,
Matus, Flores and Silva, 2011, for a review). In Chile all lenders have public access to a commercial
registry of debtors who defaulted on payments', however this registry is limited only to negative
events and therefore lenders’ information sets on the positive characteristics of loan applicants differ
substantially, implying agents’ have different relationships with each lender (Jaffee and Stiglitz,

1990). Banks represent one type of consumer loan provider in Chile, as well as in other countries.

'See www.dicom.cl/.



Chilean banks have access to a common credit registry with information on all loan amounts
and debt default within the banking system?, but they do not observe loans from non-banking
institutions. Banks also make a strong use of credit scoring, according to agents’ history of credit
and other financial products such as direct deposit of wages, automatic bill payment or mortgages.

Retail stores are another kind of credit provider, with a strong brand image and their own
credit cards®, and which have access to their own private databases of customers. Retailers provide
few cash advances, but their credit cards are widely accepted in several stores, including by utility
companies and several merchants. Another type of loan providers are credit unions (denoted as
Savings and Loans’ Cooperatives*) and labor unions (denoted as Family Compensation Funds®)
which are regulated as providers of "social credit". By legislation all Chilean companies must
register their workers in one among several Family Compensation Funds, which provide social credit
and other services to their affiliates. These labor unions or Family Compensation Funds represent
67.6% of the aggregate "social credit". Family Compensation Funds are chosen by each employer
for all its workers and therefore workers do not choose their institution directly. Union credit
providers must offer the same conditions to all of their affiliates, therefore they can change interest
rates according to loan size and maturity, but are unable to discriminate against characteristics
of the debtors such as their income. Also, Family Compensation Funds benefit from being able
to deduct loan payments directly from their clients’ wage payroll and therefore face little risk of
default. Even in the case of a debtor losing its job, Family Funds may deduct a substantial payment
from the workers’ severance pay and therefore their risk is limited even in the face of unexpected
unemployment events. Finally, there are lenders with more specific goals, such as auto loans at car

dealers, education loans, pawn shops®, and consumer loans provided by insurance companies’.

2See the General Law of Banks of the Chilean Superintendency of Banks and Financial Institutions, www.sbif.cl.
3The norms for non-banking credit card providers are detailed in the Chapter II1.J.1 of the Compendium of

Financial Norms of the Central Bank of Chile.
1See the Chilean Government Department of Cooperatives, www.decoop.cl, the General Law of Cooperatives,
DFL 5 (2003), www.bcn.cl, and Chapter I11.C.2 of the Compendium of Financial Norms of the Central Bank of Chile.
>These institutions are regulated by the Chilean Superintendency of Social Security. Each Family Compensation
Fund is associated with one of the five labor unions registered at the Confederation of Production and Trade. See
the General Statute of Family Compensation Funds, articles 29 to 31 of the Law N°18.833 of 1989.

5See www.dicrep.cl.
"The regulation of credit by insurance companies is detailed in several norms of the Chilean Superintendency of

Assets and Insurance, such as norms NCG 152 of 2002, NCG 208 of 2007 and NCG 247 of 2009.



In Chile, during the year of 2006, banks represented 62.1% of the total amount of consumer
credit, while social credit institutions represented 13.1% and retail stores 24.8% of the market,
respectively.® However, market presence in terms of customers differs from the aggregate loan
amounts, since there are 3.5 million debtors with banking loans, while social institutions and retail
stores reach around 2.5 million and 7 million customers, respectively. Therefore retail stores are
actually the largest provider of small consumer loans and reach the widest number of customers.
Over the last half-decade the market size of each type of lender has differed substantially. The
aggregate amount of consumer loans in banks at the end of 2013 was 233% as large as at the
beginning of 2006 (Banco Central de Chile, 2013). Aggregate consumer credit by social institutions

was 245% as large in 2013 as in 2006, but retail store credit grew only 57% in the same period.

2.2 An empirical model of choice of lender, loan amount and debt default

Economic theory predicts that better loan conditions (such as larger loan amounts, longer maturities
for payment, and lower interest rates) are associated with observable characteristics of lower risk
(such as higher income and more secure jobs). Some types of high risk agents will not be a
profitable loan market segment and will be credit constrained, due to either legal restrictions (such
as usury laws and interest rate ceilings) or fixed costs for loan evaluation (Jaffee and Stiglitz,
1990). However, unobservable risk characteristics (such as a taste for higher loan amounts) may
create adverse selection and will be associated with larger loan demand and more frequent default.
In summary, according to the economic theory of loan markets we should expect three results
(Edelberg, 2004, Einav, Jenkins and Levin, 2012): i) lenders will offer better and larger loans to
agents with observable characteristics of low risk, ii) unobservable characteristics of high risk will
still be associated with both larger loan amounts and default, and iii) agents with very high risk
will be credit constrained and without access to loans.

The consumer choice model considers three endogenous variables: i) a categorical choice between
having no debt, wanting debt but being credit constrained, and five different types of loans, ii) the

choice of loan amount, and iii) a categorical outcome of whether the household defaulted or not

8The aggregate amount of other loans (such as automotive and informal lending) is not entirely known, since

credits of smaller and unregulated institutions do not need to be registered for statistical purposes.



on at least one payment over the previous year. The five lender types in this categorical model
correspond to the major loan providers described in the previous section: Banks, Banks and Retail
Stores, Retail Stores, Union Credit, and Other Loans (which includes mainly auto loans, educational
debt, plus pawn shops and informal lending). It is possible that some consumers have more than
one debt type, say debt at Banks and Other Loans (for example, an educational loan), but except
for retail store credit (which reaches around 7 million people in Chile) there are few observations
with such interactions. For simplicity, I classify the observed lender choice of each household as the
one corresponding to the largest loan amount reported by each family. Banks and Retail Stores are
the two major lenders in Chile, therefore using both lenders is treated as a separate choice when
the household has a positive amount of loans with both lenders.

Families with no consumer loans are classified in two categories: "No Access to Debt" and "No
wish to apply for Consumer Debt". "No Access to Debt" represents families with credit constraints,
including those who applied for credit but were denied and the ones who did not apply for credit
because they expected to be refused. "No wish for Debt" is the outside option for all agents,
comprising the families who report no consumer debt and no interest in applying for loans. To be
succinct, these options from now on will be denoted simply as "No Access" and "No Debt".

The modelling of a multivariate choice model with several options and many periods incurs into
a problem of multidimensionality, since with P possible products there are PT possible choices in
a panel of T periods (Nevo, 2011). Therefore it is useful to apply a parsimonious model that can
summarize the choice among the different options in terms of a restricted number of observable
and unobservable factors. This is done in terms of a fully specified maximum likelihood model.

Let Ujyp,s denote the utility of household 4 from the option b in period ¢, with b € {1 "Bank",
2 "Bank & Retail", 3 "Retail", 4 "Union", 5 "Other Loans", 6 "No Access"}. Furthermore, let
us standardize the utility of the outside option, "No wish for Debt", as zero, U;o; = 0. This
standardization is made without any loss of generality, since all that matters for the agents’ choice
is the difference in utility from each option relatively to the outside option (Nevo, 2000). Consumer
chooses the option Y;; = b of highest utility (max(Uio¢, Ui, -.,Uipt)) and then a loan-amount
L;+, which are affected by observable characteristics, x;;, plus unobservable preferences for each

loan type b, €;p, and loan-amount, ¢, ;. For simplicity, let us assume the utility of each loan type



is both an additive and linear function of the observables and the error term:
1) Uipt = g + Byt + €ipe

At the same time as the consumer decides its loan type (options 1 to 5) instead of either "No
wish for debt" (option 0) or "No Access to Debt" (option 6), he chooses a log-loan amount which is

an additive and linear function of the observable factors, ;+, plus an unobservable preference (; ;:
2) ln(LLt) =T+ 5mi,t + Ci,t'

The decision of defaulting at time ¢, D;; € {0,1}, is then given by whether a latent propensity
to default is positive, d;; > 0. The latent propensity for defaulting on loans is again given by an

additive and linear function of the observable characteristics, z; ¢, plus an unobserved shock v; ;:
3) dig = py + Azig +vig.

Note that the vector of observable variables that explains default, z;, differs from the vector
of observable variables that explains the choice of the type of loan and the loan-amount, x;;. This
is an intentional feature of the model and it is necessary for identification. The reason is because
choice models that include an endogenous variable (for example, default in this model) affected
by sample selection into different groups (for example, the type of loan chosen by agents in this
model) are ill-identified if the same exact vector of variables explains both the endogenous variable
choice and the sample selection choice (Vella, 1998). Therefore it is useful if there are at least a few
variables that affect sample selection (the loan choice, in this case), but do not affect the default
decision directly. In our application there are some valid candidates for this role of instruments
that affect loan choice, but not default. Note that although for simplicity of exposition all the
variables are indexed as being observed at the survey time ¢, in fact loans have a maturity of
several periods (typically, around 1 or 2 years) and therefore the decision of loan choice happened
before the repayment period. Therefore it is natural to use the lagged value of some variables as
an explanation for loan choice and loan amount (for example, unemployment in the past year),
but use the contemporary value of the same variables as an explanation for default. This choice of
instrumental variables for loan choice is quite intuitive in economic terms and the validity of this

identification approach is often recommended for panel data estimators (Vella, 1998).



To estimate the model it is necessary to specify the distribution of the unobservable random
terms, which has some degree of subjectivity since there are several possible distributions that
may provide a plausible fit. Unobservable factors can be thought as a mix of several elements
who matter for families’ decisions, but are not measured in the data. Such unobserved factors
may include idiosyncratic preferences, the effects of geographical distance or marketing influence,
the burden for the loan applicant to provide the information and legal documents requested by
certain lenders, contractual costs of loans such as penalty charges or insurance fees, and even the
result of negative events during the bargaining process between the loan applicant and the lenders.
However, it is desirable that the distribution of the error term satisfies four characteristics: i) it
allows for the unobserved preferences of each agent to be correlated over time, with some families
being persistent in their behavior; ii) it accounts for some loan types being closer substitutes to
each other, therefore the utilities of different options are correlated; iii) the agents’ choice of all
the distinct outcomes such as lender type, loan amount and default must be correlated, which is
predicted by the theory of adverse selection of debtors (Einav, Jenkins and Levin, 2012); and, iv)
the distribution should allow for an appropriate degree of heteroscedasticity, since groups are not
equally affected by the unobserved shocks. A flexible way for achieving these desired properties
is to assume the unobserved tastes for each option €;;; are given by the sum of an independent
extreme valued component plus a normal random-effect that is heteroscedastic and correlated over

several choices and time periods (McFadden and Train, 2000, Nevo, 2000, 2011):

4.1) €ips = Eip + Eipy,

42) Eip =11 <b<B)n;; + L1 <D< 25 +1(2 < b < 3)m; 3+ wip,

with &; 54 ~ EV(0,1), m; , ~ N (0,04, (z;)) and w;p ~ N (0,04, (z;)). 1(.) is the indicator function,
assuming the value 1 if the condition is met and 0 otherwise. &;; is the random-effect that
represents the time-invariant tastes of the agent for each choice. Equation 4.2) for &;, has a simple
interpretation in terms of its distinct components, with 7;,1 representing a random factor denoting
agent i’s taste for any type of loan, 7, 5 being a random factor denoting agent i’s taste for both the
Bank and Bank plus Retail loan options, and 7, 3 denoting his taste for the options of Bank plus
Retail or just Retail. Finally, the random effect w;; is agent 4’s specific taste for option b. The

distribution of all the random-effects is heterocedastic in the vector x;, which represents the time

10



invariant characteristics of the agent and differs from z;; which includes time-varying variables.
In a similar way, I assume the unobserved terms for loan amount, (;;, and the propensity to

default, v;, are correlated with the unobserved tastes for loan types:

4.3) ¢y = i+ 0g;p + Ei,ta

44) viy = Ui+ pEip, Gl + Vig,

with ém ~ N(0,0¢(xi)), ¢~ N(0,0¢(zi)), vi ~ N(0,05(zi)), and v;4 ~ EV(0,1). The log-loan
amount is a continuous variable and for this reason the contemporary shock that each agent faces
can be heteroscedastic. Note that the unobserved propensity of default is correlated with both the
unobserved factors of the loan types and the unobserved factors affecting the loan amount ;.
The model includes random-effects, which requires panel data to identify the parameters.
However, the EFH data contains some purely cross-sectional samples and it is inefficient to ignore
such observations. For this reason the likelihood function includes both the panel and the cross-section
samples, which is a specific case of a Full Information Maximum Likelihood (FIML) model. Let
Yoo = Yits Lit, Dit, Yitys, Litts, Digvs | Tiy Tit, Zipy Tispts, Zijt+s be the vector containing agent
1’s choices of type of loan, loan amount and default at both time ¢ and ¢ 4+ s, conditional on the
observables of both years. Also, let ¢; = {771'717 1,25 Mi,3 Wiy s Wi By i, Di} be the vector of all the

unobservable random-effects. All the random-effects in vector €; are independent of each other,

i1 i3 Wi b Ci iz
) (=) ()9 )o( )-
on (i) oy (@) T 0w, (@) og(@) T ow(wi)
This is assumed without any loss of generality, since the same random-effects affect different

therefore the pdf of ; is given by f(g;) = ¢(

endogenous variables and therefore the endogenous variables are correlated with each other.

For simplicity of exposition it is easier to write the likelihood of the three endogenous variables
given in equations 1), 2) and 3) conditional on the fixed-effects ¢; and then multiply it by the pdf
f(ei). Let Uiy = s+ ByintEin, n(Liy) = mi+02;4+C; 4024, and diy = py+ N2 +0i+plEin, G,
represent the expected means for the latent variables of equations 1), 2) and 3), assuming ¢; is
known. The likelihood of observing >, can then be written as a simple product of the multivariate

probability of the observed loan option b (given by the traditional multivariate logit ratio), with
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the probability of loan amount (L; ;) and subsequent default (D;;) in both periods:

5) Pr(Y) — f ff(&‘z exp(f]i,b,t) ln(Lm) — ln(f’i7t))1([/¢,t>0) eXp(Ji7t)Di,t

>aexp(Uiat) o¢(wi) 1+ exp(diy)
eXp(Uivb/’t+5) ln(Liyt+S) - f’iﬂers 1(Lit+5>0) exp(di,f%s)Di’Hs Oei
2 ) )
224¥P(Uid,t+s) 0 (Tit+s) 1+ exp(disss)

For the cross-sectional sample, let the vector Zi’t ={Yi+, Lit, Diys | i, iy, 2i 4} represent agent
i’s choices at time ¢, conditional on the observables {z;,z;¢, 2;+}. If one assumes the panel and
cross-sectional samples have the same representation in the population, then the likelihood function
can be integrated for the same distribution of random-effects as the panel data observations. Note
that this does not imply the model is unidentified, since the panel sample allows the model to
identify the complete distribution of the unobservables. Therefore this approach is valid as long as

the panel data sample is large enough. The likelihood of vector Zi’t is therefore written as:

if In(Li4) — In(L; T )Pt
6) Pr(Zi,t) = fff(gz) eXp(Usz,t) n( z,t? ‘n( z,t) 1(Li’t>o)Mag
>-aexp(Uid,t) o¢ (zizt) 1+ exp(di )

The log-likelihood of the model is then given by the sum of the log-likelihood of the panel and

7.

cross-sectional samples, where ¢ € P denotes whether the observation is in the panel sample or not:

T—-1 N B

T N, B
7) LL = Z Z ZIH(PT(Zi)) + Z Z ZIH(PT(Zi,t))~

t=1 i=1,4€P b=1 t=1i=1,i¢ P b=1

Besides the time-varying error terms, this model has 11 unobserved random-effects which form
the vector ¢; and influence the correlation of different choices and periods. This implies that
the likelihood function of equations 5) and 6) is based on a high dimensional integral and it is
computationally difficult to calculate precisely. For this reason the choice probabilities are not
calculated exactly, but rather based on an approximation which averages a limited number of
draws, R, from the distribution of f(e;). This Simulated Maximum Likelihood (SML) method is
asymptotically consistent if R increases proportionally with N (Train, 2009). In this application I
use 100 draws to simulate the probability of each observation, with the multivariate draws chosen
by a Modified Latin Hypercube Sampling (MLHS) method (Hess, Train and Polak, 2006).° In
general, the MLE asymptotic distribution is also valid for the SML method, but this asymptotic

T choose the MLHS method, because it chooses pseudo-random draws equally spaced in each dimension of
the integral and then randomly paired across dimensions. The reason why MLHS can perform better than standard

uniform draws is because uniform draws can have too much randomness and there is a certain probability of obtaining
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distribution is invalid if the model is not exactly true and if the number of draws R does not
converge to infinity (Train, 2009). Therefore the model’s standard-errors are estimated from 100
bootstrap replicas, which is asymptotically valid under a general set of conditions (Horowitz, 2001).

This model of loan decisions has certain implicit assumptions into it, since it assumes choices
are well approximated by a function of known characteristics and randomly distributed unobserved
preferences. One could assume other models for debt choice, such as an explicit multi-period
optimization where agents choose the best option for maximizing expected lifetime utility based on
an explicit evaluation of uncertain future paths and punishment costs for defaulting (see for instance,
Chatterjee et al., 2007). However, an explicit lifetime optimization framework requires several
assumptions about the agents’ utility functions, their discount rates relative to future consumption
and the knowledge agents have about their uncertain future outcomes. Empirical evidence of
agents’ cognitive limitations disputes assumptions such as rational expectations, time-consistency
and revealed preference (Bertrand and Morse, 2009, Kahneman, 2011). Therefore simple behavioral
models are not necessarily less realistic than structural models based on complete optimization. For
this reason, the choice model in this paper is more closely related to other works who approximate

agents’ decisions in a flexible way, such as Edelberg (2006) and Einav, Jenkins and Levin (2012).

draws too close to each other, while some areas of the integral have few or no draws at all. In this sense MLHS
guarantees that all the areas of each dimension are represented with at least one draw and therefore the simulated
draws have a wider coverage. Some simulation studies show that 100 MLHS draws can be as efficient as more than

1000 uniform draws (Hess, Train and Polak, 2006). The MLHS method to obtain R multivariate draws basically
j—1
R
Halton pseudo-uniform number z is added to the draws of each dimension to get @(j) = ¢(j) —&—% forj=1,...,R. The

starts with an equal spaced sequence of values, ¢(j) = for 5 =1,..., R, in each dimension. Then a scrambled

draws are then transformed using the inverse normal cdf and multiplied by the standard-deviation of the univariate
distribution of the integral, c®~*(%(4)), to obtain an univariate normal draw. The draws of each dimension are then

randomly paired with the R draws from the other dimensions to obtain R multivariate normal draws.
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3 Data

3.1 The Chilean Household Finance Survey (EFH)

The main source of information for the characterization of the financial behavior of Chilean households
is the Chilean Household Finance Survey (in Spanish, Encuesta Financiera de Hogares, hence on
EFH). The EFH is a representative survey with detailed information on households’ assets, debts,
income and financial behavior, and is broadly comparable to similar surveys in the United States
and Europe (Eurosystem, 2009). In 2007 and 2011 the EFH interviewed 3828 and 4059 urban
families nationwide. In the years 2008 to 2010 the EFH was only implemented in the capital city
of Santiago (which represents over 40% of the total national population), therefore the sample
size is smaller for those waves. The EFH has a rotating sample, in which part of the sample is
re-interviewed. Therefore there are 1792 families which were interviewed both in 2007 and 2011,
while 947 families were interviewed both in 2008 and 2009. In total there are 6790 cross-sectional

observations (i.e., families interviewed only once) plus 2739 panel observations (Table 1).

Table 1: Panel and cross-sectional sample size of the Household Finance Survey (EFH)

EFH Panel Cross-Section Total

2007 1,792 2,036 3,828
2008 947 207 1,154
2009 947 243 1,190
2010 2,037 2,037
2011 1,792 2,267 4,059
Total 2,739 6,790 12,268

The EFH has a particularly detailed focus of the loans and debt commitments of each household.
It asks for the largest 3 debts that each household has for each type of loan, among a total of 13
categories of loans: Banking Credit Card Debt, Banking Line of Credit, Banking or Financial
Agency Consumer Credit Loan, Retail Store Credit Card, Retail Store Consumer Loan, Auto
Loans, Union Credit, Education Loans, Loans from relatives, Loans from usurers, Pawn shops,

Grocery and Shopping on credit (i.e., store tabs), and Other Debts. Therefore the survey may ask
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up to a total of 39 debts that the household has at the moment, although obviously few agents will
report having debts with all the possible categories of loans.

For two reasons it is easier to work with just 5 types of lenders (or 5 types of loans), therefore
my analysis is limited to options that sum all the loans for a given lender type and with each family
classified discretely with the lender type representing the largest loan amount: Banks, Banks and
Retail Stores (for the families reporting the use of both kinds of loans), Retail Stores, Union Credit,
and Other Debts. The first reason is that it is desirable to eliminate the irrelevant alternatives from
the choice model (Train, 2009), with a classic example being the inclusion of options such as "red
bus" and "blue bus" for agents that do not care about the color of public transport. Several of the
13 types of loans elicited by the survey are similar products and are often offered by lenders to the
same customers and for similar purposes (for instance, many customers use Credit Cards and Lines
of Credit for similar reasons, although their choices may depend on the specific convenience of the
occasion). This is a strong reason for aggregating all the options for credit cards, lines of credit and
consumer contracts for each lender, instead of treating them separately. The second reason is related
to the curse of multidimensionality, since the number of parameters in the model increases with the
number of options and it is difficult to make a reliable analysis of too many options, particularly if
some options have few or no observations (for example, loans from usurers are reported by less than
0.07% of the families). For this reason, Other Debts represents the sum of Auto Loans, Education
Loans, Loans from relatives, Loans from usurers, Pawn shops, Grocery and Shopping on credit
(i.e., store tabs), and Other Debts. Note that this category is largely composed of Auto Loans,
Education Loans and Other Debts, with the remaining options representing negligible numbers.

Table 2 shows the proportion of households that chose each of the 5 lender types, plus households
with either No Consumer Debt (because the family does not want debt) and No Access to Debt
(if the family applied for loans, but was refused). The proportion of households without a wish for
consumer debt represents 27% of the Chilean population, while those with No Access to Debt
represent close to 13% of the population. Retail Stores are the most popular choice among
households, representing more than 40% of the population, with 29% being Retail Store only
users and 13% being users of both Bank and Retail Store Loans.

For each debt the EFH survey registers its loan amount, maturity, and other details such as

the motivation for contracting the loan. The survey asks about the loan’s interest rates, but less
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Table 2: Population*®, Maturity (months), Loan amounts (thousands of Chilean pesos), motivation (share

of total consumer debt destined for a given purpose), interest rate and morosity rates (EFH)

Type of Debtor Population Maturity Morosity Amount: mean/percentiles Interest Durables Pay debts Health
Mean Mean Mean p25 pb0 p75 Mean  Mean Mean  Mean

Bank 7.8% 25.28 10.2% 2,549 416 1,110 2,649 19%  21.7% 14.3%  5.0%
Bank+Retail 12.9% 20.45  21.3% 3,015 859 1,703 3,520 15.6% 16.9%  6.0%
Retail Store 28.9% 12.17  19.0% 492 102 216 486 47% 2.9% 3. 7% 3.3%
Union Debt 5.6% 27.07  11.4% 1,124 307 590 1,131 21% 15.8% 18.1% 13.8%

Other Debts ** 4.6% 3225  21.5% 4,101 1,207 2,425 4,274 6.6% 8.0% 3.2%

No Consumer Debt 27.3%

No Access to Debt  13.0%
* % of the total Chilean households in urban areas. ** Maturity for Other Debts is for Auto Loans only.

than half the respondents report to remember these.!” The question used for measuring default is
"Approximately, in the last 12 months have you fallen into morosity or late payments for each one
of your loans?". I define default as a dummy variable denoting one or more events of morosity.

Table 2 shows the loan amount, maturity and morosity rates for each lender type using the
pooled EFH sample, that is all the cross-sectional samples available. I also report the average loan
interest rates of different lender types, from statistics of the Chilean Superintendency of Banks
and Financial Institutions and the Superintendency of Social Security. There is no information
on interest rates from users of several lenders, such as Banks and Retail or Other Debts. Table 2
also reports the share of the consumer loan destined for a given purpose of the household, more
specifically "Purchase of Durables or Household Investments", "Pay previous debts" and "Health
needs". Other motivations are classified as "General Consumption" so that the total motivations
sum to 100% of the debt. Households with Bank, Bank plus Retail, and Union Debt are more likely
to have motivations of "Purchase of Durables", "Pay previous debts" or "Health needs", which also
motivate a significant part of unsecured debt in the USA (Chatterjee et al., 2007).

Users of Bank credit only have a morosity rate of 10%, which is half the value reported by

users of both Bank and Retail credit (Table 2). Also, Bank users have much larger loan amounts

10This memory problem is explained by debtors tendency to remember the payment amount better than their
contract’s interest rate. Also, it is difficult to recover an estimate of the implicit interest rate from the financial
formula for the present value of the payments of a loan. This is due to ommited variables in the financial formula,

such as loan commission fees, and measurement error in the reporting of the loan amounts, payments and maturities.
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and longer maturities than the users of Retail Stores. In Chile neither Retail Stores or institutions
of Union Credit are able to offer heterogeneous interest rates to their customers, only Banks offer
customer specific interest rates (Marinovic, Matus, Flores and Silva, 2011), so the economic theory
predicts that Banks will get the best observable risk types by offering better loan terms such as
lower interest rates, larger loan amounts and longer maturities. While Union Debt lenders are
unable to risk price their offers, these institutions are able to garnish their clients’ wages easily,
therefore this high punishment cost should explain their low morosity rates. However, households
with both Bank and Retail Store debt have morosity rates as high as the customers of Retail Stores
only. Perhaps this can be explained because such debtors have an unobservable taste for high loan
amounts. Table 2 shows that households with both Bank and Retail Store debt have much higher
loan amounts than the debtors of Bank and Retail Store separately, which could be a sign that these
are debtors with particularly high needs for liquidity. The households with Other Debts also have
high loan amounts and morosity rates, but perhaps this can be explained by special characteristics
of these debtors. For example, education loans are granted to younger agents, who may be more
subject to unemployment risk and unstable income. Also, perhaps education and auto loans have
lower punishment costs for morosity, since lenders cannot deduct payments and punishment fees
from their clients’ bank accounts (as Banks do) or their wages (as Union Credit institutions do).
Table 3 shows the percentage of the population, median loan amounts and morosity rates in the
years 2007 and 2011. The biggest changes observed between 2007 and 2011 are that users of only
Banks and Union Debt increased respectively to 8.2% and 7.8% of the population. Loan amounts
for users of Union and Other Debts increased substantially, while the median loan amount at Banks
increased less. It is also noticeable that the morosity rate of Bank users increased somewhat.
Tables 4 and 5 summarize the changes to income and use of consumer loans in Chilean households,
using information from the EFH panel sample (2007-2011). In Table 4 I report the transition
probabilities from one household income quintile (Q; ¢) to another between 2007 and 2011, Pr(Q; 2011 =
q | Qi2007 = ¢'), where 1 denotes the families with the 20% lowest income. The conclusion is that
household income has some persistence, but there is substantial income volatility in Chile. The
probability that a household of the lowest income (quintile 1) will remain at the bottom of the
distribution is 40%, while the probability of a household remaining at the top income level (quintile

5) is 53%. Among the middle income levels (quintiles 2 to 4), mobility is even higher and there is
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Table 3: Population of debtors, loan amounts (thousands of pesos) and morosity over time (EFH)

Type of Debtor Population Loan amount (median) Morosity rate
2007 2011 2007 2011 2007 2011

Bank 6.5%  8.2% 968 1,176 88%  11.7%
Bank-+Retail 13.6% 11.8% 1,435 1,826 18.9%  24.6%
Retail Store 31.9% 25.9% 232 177 21.1% 19.5%
Union Debt 38% T7.8% 484 748 121%  12.2%
Other Debts 4.6% 49% 1,511 2,866 25.2%  20.5%

No Consumer Debt 26.6% 28.7%
No Access to Debt 13.0% 12.7%

a high chance that households will move into either a higher or a lower income level.

In Table 5 I show the transition probability of a household changing from one lender type to
another or towards having either no consumer debt or no access to debt, Pr(Y; 2011 = b | Y; 2007 = V).
The last column in the table replicates the share of the population in each debt status over the
whole period of 2007 to 2011. If one compares the diagonal values of the transition matrix, which
represent the probability of a debtor keeping the same status as previously, with the average debt
status of the population, then one gets an idea of how persistent agents are in their choices. It
is clear that the probability of an agent keeping the same debt status is above the average rate
in the total population and this happens for all categories, therefore choices tend to be persistent.
In particular, debtors of Union Debt, Banks or of Bank plus Retail Store are more than twice as
likely to keep their choices relative to the average probability in the population. Also, it is striking
that debtors of Retail or Bank plus Retail have a probability of only 20% and 16% respectively
of moving into a state of No Debt. Therefore these debtors are systematically in need of debt,
whether with the same lender or a different one. This confirms the previous results that debtors of

Bank plus Retail appear to be agents with higher needs for liquidity relative to other households.

4 The sorting of income risk across different types of loans

The EFH survey collects detailed information on the income, education, age and other characteristics

of each household member, but it has limited data on some aspects, such as their income volatility
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Table 4: Transition of families across different income quintiles (EFH Panel, 2007-11)
Quintile 2011

Quintile 2007 1 2 3 4 5
1 40% 27% 19% % ™%
2 22%  29% 2% 15% %
3 1%  23% 26% 25% 15%
4 10% 14% 22% 30% 24%
5 % 9%  12%  20% 53%

Table 5: Transition of households across different debtor types (EFH Panel, 2007-11)
Debt Status in 2011 Population

Debt in 2007 No Debt Bank Bank-+Retail Retail Union Other No Access in 2007-11

No Debt 40.9% 7.0% 6.7% 27.8% 4.2% 2.3% 11.1% 27.3%
Bank 27.8% 18.1% 20.5% 19.1% 3.9% 2.1% 8.4% 7.8%
Bank+Retail 16.4% 18.2% 30.0% 25.1% 2.2% 1.5% 6.7% 12.9%
Retail Store 20.9% 7.5% 13.6% 39.1% 5.2% 0.4% 13.3% 28.9%
Union Debt 36.2% 8.1% 3.5% 34.0% 14.1% 0.0% 4.1% 5.6%
Other Debts 34.7% 12.7% 28.4% 12.6% 0.0% 5.5% 6.1% 4.6%
No Access 33.4% 4.9% 7.8% 289%  6.9% 0.6% 17.6% 13.0%
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or stability of employment. For this reason I estimate the income and employment risks of the EFH
workers based on the mean statistics for workers with the same characteristics in another dataset.

Based on the quarterly Chilean Employment Survey, ENE, which covers 35,000 households,
Madeira (2014) estimated three measures of risk in employment status for the period 1990 to 2012:
the unemployment rate (up; = Pr(Uy+ = 1| t,xy)), the separation rate ()\E? = Pr(Ugs41 =1
t,Ur+ = 0,21)) defined as the probability of being unemployed given that one was employed in the
previous quarter, and the job finding rate ()\gf = Pr(Ugy41 = 0| t,Uxs = 1,21)) defined as the
probability of being employed after being unemployed in the previous quarter. The vector xy is
composed of 540 mutually exclusive groups, given by x; = {Santiago Metropolitan city or Outside,
Industrial Activity (primary, secondary, terciary sectors), Gender, Age (3 brackets, < 35, 35 — 54,
> 55), Education (less than secondary schooling, secondary or technical education, college), and

Household Income quintile}. Madeira (2014) also computed these groups’ labor income volatility

even if no job is lost, o¢ (zx) = \/E (Yot — EYit | Yis—1,26))? | t, Ukt = Ugt—1, Yit, k), and the
EYie|t,Upe =1, xp]
EYii|t,Upy =0, 4]
Using these labor risk measures I calculate the expected income F;; of each EFH household

income loss caused by going into unemployment, Ry ((xy) =

¢ as the sum of their non-labor income, a;, and its expected labor income, P;;: ]5Z~7t = a; + P,
where P;; = Y, Py, is the sum of expected labor income of each household member k. P, =
Wi +(1 — up ) + Wit R ¢(u ) is each worker k’s average labor income during the employed and
unemployed states. The employment risk of each household is then given by a weighted average
of the rates of each member using their labor income relative to the total household labor income:

_ P JUE P JEU P - :
Uit =Y ﬁ:ttum, it = Dok Plj,’tt )\ka and \;y =, P’;’tt )\kE? Similarly, the household’s weighted

labor income volatility (even if no job is lost) and the replacement ratio during unemployment are
. _ P, = P
given by g1 = >, %Ug,t(ﬂik) and R, = >, %Rkt(xk)

Figure 2 shows the cumulative distribution function of the loan amounts (in logarithm) and

Li
12x Pit

the pooled EFH survey (2007-11). Retail only debtors are the ones with the highest probability

the consumer debt to annual income ratio ( , where Pj; is the expected monthly income) in
of having low loan amounts, since their cdf is stochastically dominated by either Union and Bank
debtors. Bank plus Retail debtors and Other debtors have the greatest probability of having
high loan amounts (or the lowest probability of having low loan amounts). One question is if the

difference in loan amounts is entirely explained by income, since higher income households may
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Figure 1: The Cdf of the loan amounts chosen by debtors of different loan types
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also pay larger loans. The answer is given by the empirical cdf of the consumer debt to annual
income ratio. In Figure 2 it is shown that clearly Retail only debtors have lower debt to income
values in relation to both Union and Bank debtors. Also, Bank plus Retail and Other Debts users
have the highest debt to income ratios. Therefore the differences in the sorting of loan amounts
across lender types remains even if we take into account household income.

Table 6 reports the mean values of the household” measures for the unemployment rate (u; ), the
separation rate (XftU) and the job finding rate (/_\5] tE) across different loan choices. The groups with
No Consumer Debt or only Bank loans are the ones with the lowest unemployment and separation
rates. Households with Other Debts are the ones with the highest average unemployment rates,
perhaps because of their younger age. The mean job finding rate is between 31% to 37% for all
groups. Table 6 also reports the means values for the log household expected income (In(P;)), the
labor income volatility (7;+) and its replacement ratio of income during unemployment (R; ;). Bank

only customers are the group of highest income, while those with Retail Store loans or with No
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Table 6: Mean values of labor market risk and household earnings across debtor types (EFH)
TEU  {UE = =

Debtor Type Uig Ay it In(P:) Gt Ri+
Bank 4.8% 2.0% 33.8% 13.56  18.4% 25.8%
Bank+Retail 53% 23% 354% 1346 182% 25.5%
Retail Store 55% 2.6% 36.6% 13.01 16.5% 23.5%
Union Debt 50% 2.0% 30.9% 13.14 17.4% 22.7%
Other Debts 6.1% 22% 34.2% 1347  20.7% 26.1%

No Consumer Debt 42% 1.9% 30.6% 13.13 16.2% 23.0%
No Access to Debt 54% 2.2% 31.0% 1277 17.6% 21.3%

Access to Debt have the lowest mean income. Unemployment represents a strong income reduction
for Chilean households, since the mean values of R; ; imply that agents only keep 21% to 26% of their
working income during an unemployment spell. The households with No Consumer Debt appear
to be the group least susceptible to shocks, since they are the group with the lowest unemployment
rate, lowest separation rate and lowest labor income volatility. The permanent income theory
of consumption predicts that agents should use debt to smooth temporary income shocks (see
Chatterjee et al., 2007, or Dynan and Kohn, 2007), therefore it makes sense that households with
the lowest income risk also have the lowest demand for consumer loans.

While Table 6 reports the mean values of households’ income, employment risks and income
volatility, it is also useful to analyze how heterogeneous households are and how each group deviates
from the mean. Figure 3 shows the cdf of the households’ expected income (In(P;;)), unemployment
rate (u;¢), labor income volatility (&;, which can also be denoted as the standard deviation of wage
shocks) and replacement ratio of income during unemployment (R;¢) for debtors and non-debtors.
For simplicity, I use only 4 groups in the graphical comparison instead of the 7 groups used in Table
6 and the previous tables. Basically, I classify households in the same two options for non-debtors
as before (No Consumer Debt, No Access to Debt), but use only two classifications for the groups
of debtors: i) users of Retail Store loans only, which represent 29% of the household population
(Table 2) and are the largest group with consumer debt; and, ii) users of Bank, Union Debt and
Other Debts, which represent 30.9% of the Chilean population (this figure is obtained by summing
the distinct categories of this group in Table 2). Another simplification concerns the problem that

often households have a lot of heterogeneity at the extreme margins, but one is mostly concerned

22



with the heterogeneity that affects most of the population and not its extreme points (which could
eventually be outliers due to measurement error). Therefore to make the graphs easier to read the
cdfs are plotted only in the range of 20% to 90% probability.

Figure 3 shows that in terms of income there is a clear stochastic dominance among the different
groups, with households with No Access to Debt having lower income than those with Retail loans
and those with Retail loans having lower income than both the households with No Consumer Debt
and the households with Bank, Union and Other Debts. Also, it is clear that households with No
Consumer Debt have the lowest unemployment rates, which is another confirmation that a partial
motivation for consumer loans is to smooth temporary income shocks. Households with Bank,
Union and Other Debts also have lower unemployment rates relative to those with Retail loans
only or No Access to Debt. Labor income volatility (7;+) is highest for the households with Bank,
Union and Other Debts, which may imply that consumer debt is used for smoothing income shocks
in this group. The replacement ratio of income during unemployment is the lowest for those with
No Access to Debt, followed by the users of Retail loans only and those with No Consumer Debt.
Users of Banks, Union and Other Debts have the highest replacement ratios during unemployment,
therefore this is the group that suffers the lowest loss of income from job loss.

Figure 3 shows that income and labor experiences have a lot of heterogeneity in the population.
Unemployment rates can range from as low as 2% to as high as 8%. Labor income volatility has a
range between 11% to 27%, while replacement ratios can vary between 18% and 34%.

Besides analyzing unemployment rates, it is also appropriate to look at the employment separation
(X\ftU) and job finding (5\51 tE) rates. The reason is because unemployment rates has a different
interpretation if it is driven by high separation rates (lots of workers losing their jobs) or by low job
finding rates (which implies that unemployed workers have difficulties finding jobs and therefore
unemployment spells last a long time). Both of these employment transition rates play a role in
explaining labor market shocks in the United States (Shimer, 2012) and in Chile (Madeira, 2014).

Figure 4 shows the cdf of the separation (S\f tU) and job finding (5\5] tE) rates for Chilean households.
There is a lot of heterogeneity in these variables, with the separation rate ranging from as low as
1% to as high as 4% and the job-finding rate varying between 25% and 55%. The separation
rate has the most clear differences between debtor and non-debtor groups. Households with No

Consumer Debt have lower separation rates than users of Bank, Union and Other Debts, and these
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Figure 2: The Cdf of labor market characteristics of debtors versus non-debtors
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Figure 3: The Cdf of employment transition probabilities for different loan types
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last ones have lower separation rates than those with No Access and the users of Retail loans only.
The differences in job-finding rates are less clear. Users of Retail loans only have both the highest
separation rates and the highest job finding rates, which implies that employment mobility is high
in this group. However, the groups with No Consumer Debt, No Access and users of Bank, Union
and Other Debts have a similar distribution for the job-finding rate.

Figure 5 shows the differences in income and labor market characteristics of different debtor
groups. Users of Retail and Union Debt are the ones with the lowest income, while the users of Bank
and Other Debts have the highest income. Also, Bank users have a lower unemployment rate than
all the other debts, with Union Debt users being the second group with the lowest unemployment
rates and users of Other Debts having the highest unemployment. Retail and Union Debt users,
however, have the lowest labor income volatility (or standard-deviation of wage shocks), while users
of Bank and Other Debts have the highest wage risk. Users of Retail and Union Debt are the ones

with the lowest replacement ratios and therefore suffer the most during a jobless spell.
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Overall, Figures 2, 3 and 4 portray a clear picture of different income and labor market
characteristics across non-debtors and different groups of debtors. Households with No Access
to Debt have the lowest income, highest unemployment rates and lowest replacement ratios of
income, therefore it is the group most subject to low income and income fluctuations. Households
with No Consumer Debt (because of a lack of demand for such loans) have the lowest unemployment
rates, separation rates and labor income volatility, therefore it is the group least subject to income
shocks. The users of just Bank loans are the ones with the highest income, highest replacement
ratio and lowest unemployment rate, but they suffer from substantial wage volatility which may
create a demand for smoothing consumption. Users of Other Debts have high income and high
replacement ratios in the same way as Bank users, but they are the debtor group most subject
to both high unemployment rates and high labor income volatility, therefore it could be seen as a
riskier segment relative to Bank users. Finally, users of Retail loans are the ones with the lowest
income among debtors (although they have higher income than the group with No Access to Debt),
and also have a high unemployment rate and low replacement ratio, which could make them a riskier
debt segment. However, Retail users have a low standard-deviation of wage shocks, therefore their
income is relatively stable during their employment experience. Users of both Bank plus Retail

loans are a segment somewhat in between the exclusive users of either Banks or Retail loans.

5 Results

5.1 The role of demographics, income profile and unobserved preferences

Now I discuss the results from the consumer loan choice and default model exposed in section 2. As
explained before, the model requires some variables that affect loan choice, but not default. Since
unemployment risk, labor income volatility are measured for several time periods (all the quarters
from 1990 to 2012) for each type of worker, then it is possible to create these variables for each
EFH household for previous periods than the survey date. It is natural to assume that households
were driven by labor market effects that happened at the time of the loan contract, which was a
substantial time before the current period ¢. Consumer loans typically have a maturity of 12 to 24

months, therefore it is reasonable to assume that the labor market conditions that influenced loan
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Figure 4: The Cdf of labor market characteristics of debtors of different loan types

=
Lq_
LD._
ﬂ:_ —]
| -
(\!_
I I I I I I I I I I I I I I I I

12.612.8 13 13.213.413.613.8 14

Ln(Income)
(\!_
Bank Bank-Retait— Retai T T T T T T T T T T T I
Union Other .03 .04 05 .06 .07 .08

Unemployment Rate

4 .6 .8

! ! ! ! ! ! !
4 .6 .8

! ! ! ! ! !

A3 .15 .17 .19 .21 .23 .25 .27 18 .2 .22 .24 .26 .28 .3 .32.34
Standard-deviation of wage shock Replacement Ratio of Income

27



choice happened 4 quarters or more before the current period. For this reason the vector affecting
loan choice includes expected income (In(P;;—4),), unemployment risk (i;;—4) and labor income
volatility (7;;—4) with a lag of 4 quarters (although a shorter or longer lag could be used). Note that
expected income is a weighted sum of each household member’s labor income, its unemployment
probability and its replacement ratio, therefore it can be estimated for previous time periods.

In addition the vector that affects loan choice includes the education, age and structure of the

household (whether it is a couple or a family with many members), and the loan’s motivation:

In(P;;—4), unemployment risk @;¢—4, labor income volatility &;;—4,
years of education of household head, age of the household head, age squared,
ZTit = § dummies for each year, dummy for residence being out of the Santiago capital,

dummy for 2 members and dummy for 3 or more members in household,

Share of debt justified by "Durables", "Pay Previous Debts" and "Health".
In a similar way I assume that the vector z;; that explains loan morosity or default at time

t includes some variables that do not necessarily affect loan choice. One variable is the ratio
Ly
12 x Py
of long-term solvency of the household. Households with larger loans may feel more stressed

of consumer debt to the annual income (RDI;; = ), which can be seen as a measure
about their long term commitments and choose to default on their loans. In the same way, some
households may be more worried about this month’s specific commitments instead of their long-term
expenses. For those households, the current monthly debt service (the debt service of a loan, DS; ¢,
includes both the amortization and the interest payments) relative to this month’s income (Y;;)
may provide a liquidity motive for defaulting or simply paying a loan with some delay. For this
reason I also include the ratio of monthly Debt Service to Income (RDSI;+) as a possible factor
affecting household default. The overall vector of observables that explain default includes the
financial ratios RDI;;, RDSI;;, plus the current expected income (ln(]5i7t)), unemployment risk
(w;t) and labor iilcome g:q ¢), and the same demographic variables that affect loan choice:

( it ,

it = L . e
—— , In(P;+), unemployment risk #;;, labor income volatility &;
12 % Pi,t Y;L,t ( 2,t)7 ploy it Yy Oit,

years of education of household head, age of the household head, age squared,

Zit = \ dummies for each year, dummy for residence being out of the Santiago capital,

dummy for 2 members and dummy for 3 or more members in household,

Share of debt justified by "Durables", "Pay Previous Debts" and "Health".
Finally, I need to specify the degree of heteroscedasticity in the unobserved tastes for loan choice,
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Table 7.1: Coefficients for the mean value of the Utility of each type of Loan
1=Bank 2=Bank+Retail 3=Retail Store 4=Union Debt 5=0ther Debts 6=No Access
2007 -9.565 (0.564)*** -6.409 (0.610)*** 4.662 (0.727)*** 4.427 (1.073)*** -6.351 (3.809)* 8.357 (0.824)***

)
2008 / 09 -9.734 (0.550)*** -6.975 (0.592)*** 4.506 (0.789)*** 3.976 (1.081)*** -7.044 (4.068)*  8.558 (0.82)***
2010 -9.545 (0.574)*** -7.133 (0.601)*** 4.739 (0.706)*** 5.008 (1.064)*** -6.265 (3.783)*  8.84 (1.038)***
2011 -9.388 (0.571)*** -6.66 (0.594)***  4.742 (0.682)*** 5.416 (1.079)*** -5.801 (1.047)*** 8.847 (0.953)***
Income: In(P; ¢ 4)  0.323 (0.039)***  0.078 (0.04)**  -0.495 (0.156)*** -0.544 (0.158)*** 0.131 (0.052)** -0.741 (0.156)***
Education 0.065 (0.014)***  0.035 (0.011)*** -0.116 (0.053)** -0.076 (0.027)*** 0.039 (0.009)*** -0.078 (0.017)***

Unemployment @; ;4 2.245 (1.162)*  2.762 (0.965)***  4.484 (1.452)*** 4.136 ) )
Wage volatility 7,4 -0.011 (0.057)  -0.041 (0.074)  -0.223 (0.380)  1.200 (0.378)*** 3.213 (0.599)***  1.471 (0.804)
Out of Santiago  -0.181 (0.052)*** -0.307 (0.138)** -0.295 (0.091)*** -0.504 (0.036)*** -0.267 (0.024)*** -0.246 (0.110)**
Age of home head  0.108 (0.029)*** 0.153 (0.046)***  0.112 (0.056)**  -0.003 (0.022)  0.047 (0.014)*** 0.043 (0.012)***
Age squared/100  -0.133 (0.059)**  -0.187 (0.104)*  -0.138 (0.067)**  0.013 (0.014)  -0.087 (0.051)* -0.052 (0.013)***

2 members in home 0.323 (0.123)*** 0.620 (0.151)*** 0.786 (0.231)***  0.051 (0.063)  0.766 (0.463)*  0.005 (0.026)
3 or more members 0.598 (0.124)***  1.16 (0.308)***  1.391 (0.671)**  0.318 (0.172)* 1.079 (0.327)***  0.298 (0.168)*

—

0.316)***  4.695 (2.005)**  2.307 (1.385)*

—_

Durables 5.329 (2.657)**  5.061 (2.521)**  2.544 (1.432)*  4.814 (2.367)**
Pay previous debts 5.352 (2.148)**  5.513 (2.153)**  3.081 (1.507)**  5.157 (2.089)**
Health needs 5.619 (2.52)**  6.014 (2.525)**  4.628 (2.497)*  6.561 (2.483)***

loan amount and default, that is the standard-deviation of each element of the normally distributed
vector {& it €i}, where the vector of random-effects of tastes (i.e., tastes that are constant over time
for each agent) is given by ¢; = {771',17 15,25 Mi.3y Wi,y s Wi, B, i, Di}. In this case I assume that all the
standard-deviations are exponential functions of a linear-index, o = exp(fSz;), which guarantees
that all standard-deviations are positive. The vector x; that models heteroscedasticity includes a
constant, a dummy for the 2008/09 panel, the years of education of the household head, plus the
average labor market characteristics of the household:

T; = {constant, dummy for 2008/09, years of education of head, % 25212%07 {ln(Pi,t), Uit &i,t}}.

Table 7.1 shows the estimates for the coefficients of loan choice, ;. The coefficients of a
multivariate logit model sometimes have a difficult interpretation (Train, 2009), because the agents’
choice is made over a multivariate set with B + 1 choices, max(U; o+, Ui, .., Ui Bt), with the first
choice being standardized to have value zero. Let us think of a generic variable x and its coeflicient
on choice b, 3, which is assumed to be positive. Then [, > 0 implies the odds ratio of the
probability of option b relative to option 0 is increasing in x, meaning that larger x makes b more
likely to be chosen relative to option 0. However, at the same time there could be another option
¢ which has a larger coefficient than b, implying « decreases the chance of b being chosen relative

to option c. Therefore in the multivariate case 3; > 0 does not always increase the probability of
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b being chosen with larger . Such is the case only if §, > max(f;,..,85). This interpretation of
the multivariate logit coefficients must be kept in mind while reading Table 7.1.

The coefficient for the lagged household expected income (In(P;;—4)) is the largest (i.e., the
most positive) for the option of Bank loans, while it is the lowest (i.e., the most negative) for the
No-Access option (Table 7.1). This implies that larger income unambiguously increases the option
of a Bank loan and decreases the option of No-Access. The impact of income on the choice of
Retail Store loans and Union Debts is negative, therefore larger income increases the likelihood of
No Debt in relation to these options. The coefficient of education is largest for the Bank option and
lowest for the Retail Store option, which implies that education increases the probability of a Bank
loan and decreases the option of Retail Store loans. The coefficient of lagged unemployment (@; ;—4)
increases the probability of all the loan options and the No Access option in relation to No Debt.
However, unemployment has the effect of increasing more the probability of specific loans, such as
the Retail Store, Union Debt and Other Debts options. Wage volatility increases the probability
of choosing Union Debt, Other Debts and No Access. The positive impact of unemployment risk
and wage volatility on the probability of choosing loans can be seen as evidence in favor of debt
providing consumption smoothing in the face of income shocks.

Being outside of the Santiago capital city lowers the probability of all loan options, with its
strongest effect on Union Debt. With the exception of Union Debt, all loan options are quadratic
in age. This result may be evidence in favor of loans performing a role in consumption smoothing
over the life cycle, with older households starting to save for retirement and engaging in less debt.
Households with more members are more likely to choose all kinds of loan options, but its impact is
strongest for the options of Retail Store and Other Debts. Finally, the motivations for undertaking
a loan (Durables, Pay previous debts or Health) have a special standardization, because families
who report positive values for the loan motivation must have chosen one of the loan options 1 to 5
and therefore I standardize the loan motivation coefficients for the last option Other Debts as being
0. The loan motivations of Purchase of Durables, Pay Previous Debts and Health needs increase
the probability of choosing the options of Bank, Bank plus Retail and Union Debt.

Table 7.2 shows the heteroscedasticity for the random effects that denote the unobserved tastes
for each loan type. The heterogeneity for the tastes of all loan options decreases with household

income. Also, education decreases the heterogeneity of unobserved factors for the options of Bank,
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Table 7.2: Coefficients for the standard-deviation (in log) of the random-effect of each type w;
1=Bank 2=Bank+Retail 3=Retail Store 4=Union Debt 5=0Other Debts 6=No Access

constant -0.346 (0.312)  -0.065 (0.092)  1.614 (0.724)**  0.146 (0.394)  -0.058 (0.097)  0.179 (0.136)
2008/09 0.028 (0.082) 0.018 (0.157)  0.289 (0.083)***  -0.961 (0.683)  -0.099 (0.108)  -0.266 (0.161)*

A0 e In(Pye) -2.746 (1.342)**  -0.684 (0.324)™  -0.129 (0.008)*** -2.576 (1.531)* -0.414 (0.133)***  -2.99 (1.534)"
Education  -1.924 (0.886)** -0.516 (0.151)***  0.025 (2.308) 0.379 (0.411)  -0.414 (0.203)** -3.024 (1.146)***
A or @it -0.056 (0.084)  -0.005 (1.002)  -2.264 (0.706)***  0.181 (0.253)  -0.003 (0.132)  0.132 (0.050)***
S or G -0.063 (0.082)  -0.011 (0.769) -1.92 (1.159)* 0.007 (1.271) 0.009 (0.422)  0.344 (0.151)**

Table 7.3: Coefficients for the standard-deviation (in log) of the factors affecting several choices

factor 1, 7, , factor 2, 7, 5 factor 3, 7, 3

(choices 1 to 5) (choices 1 to 2) (choices 2 to 3)

constant 0.096 (0.117) -1.451 (0.522)**  -1.43 (0.302)***
2008/09 0.812 (0.149)***  0.532 (0.171)***  0.427 (0.224)**
S s In(P; ) -0.848 (0.231)** 0.082 (0.450) 0.077 (0.093)
Education -1.442 (0.786)* 0.005 (0.156) 0.012 (3.732)

A S s Uit -0.009 (0.013) 2.306 (0.704)***  1.246 (0.571)**
A S o7 Tt 0.052 (0.125) -0.024 (0.121) -0.515 (0.727)

Bank plus Retail, Other Debts and No Access. Unemployment risk decreases the heterogeneity
of preferences for Retail Store debt, but it increases slightly the heterogeneity of factors affecting
No Access. Table 7.3 shows the heteroscedasticity of the random-effects that affect several loan
options. The main conclusion is that the heterogeneity for the unobserved tastes for all loans (7, ;)
is also decreasing in income and education. Therefore higher income and more highly educated
households have lower heterogeneity of unobserved factors. Unemployment risk, however, increases
the heterogeneity of factors associated with Bank plus Retail (7, 5) and Retail Store (), 3) choices.

Table 8.1 shows the results for the choice of loan amount (In(L;;)) and default (D;;). It is
worth noting that the expected income (In(P; +—4),), unemployment risk (#; ;—4) and wage volatility
(G44—a) that affect the loan amount decision have a lag of 4 quarters, while the variables affecting
default correspond to the current period ¢. Basically, income, unemployment rates, wage volatility,
households with more members, and loan motivations of "Pay previous debts" and "Health" are
positively related to loan amounts. Education is negatively related to loan amounts, which may

denote a tendency of highly educated households to better manage their finances over time and

resort less to expensive consumer debt (Table 2 showed that interest rates for consumer loans are
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high in Chile). Also, the estimates show that households with strong unobservable tastes for Bank
loans, Bank plus Retail and Union Debts are more likely to have higher loan amounts.

The propensity to default is positively related to high levels of consumer debt relative to annual
income (RDI;;), higher debt service (RDSI;;), unemployment risk, wage volatility, households
with more members, and to loan motivations of "Pay previous debts" and "Health". In the year
2010 there was a substantially lower rate of default (3rd column of Table 8.1) and also higher loan
amounts (2nd column of Table 8.1), even after accounting for the other factors in the model. This
could have been due to the Chilean earthquake of 2010 and the economic expansion that followed
the efforts of reconstruction in the country. The choice of loan amount and default behavior are both
quadratic in terms of age, first increasing with age and then falling. Default is negatively related to
income and to the "Purchase of Durables", but it is not significantly affected by education. Recent
studies for the USA show that education, apart from math skills, has no significant impact on debt
repayment behavior (Brown, van der Klaauw, Wen and Zafar, 2013), which is a result similar to our
finding with Chilean data. Default is also negatively related to households with a higher taste for
Bank loans and positively related with households with a propensity for "Banks plus Retail" and
"No Access". This results justifies the behavior of Chilean banks in terms of giving preference to
customers with a longer and more exclusive credit history in the banking system, since those are the
households of lower risk. Credit history is also related to default in other countries as well (Gross
and Souleles, 2002, Roszbach, 2004, Edelberg, 2006). In Chile some economists have suggested that
the lack of public knowledge of retail loans by other lenders hurts the financial system (Alvarez,
Cifuentes and Cowan, 2011), since banks are unable to account for loan applicants that have higher
risk due to their retail loans. Our model finds that indeed borrowers with loans in both Banks
and Retail have an unobservable higher risk of default, which confirms that a public database with
information of all lenders could be a positive policy as suggested in the literature (Pagano and
Jappelli, 1993). The positive effect of the unobserved factors related to "No Access" on the default
probability can be seen as a confirmation that lender screening in the Chilean system works, since
households with unobservable high risk have no access to debt.

Both the motives "Pay previous debts" and Health needs have a positive effect on loan amount
and the propensity to default. It is also interesting that Health needs has a larger impact on

default than the motive "Pay previous debts", since it confirms the predictions of economic models.
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Table 8.1: Coefficients for the mean loan amount (in log) and propensity for morosity

Exogenous variables
2007
2008 / 09
2010
2011
Ratio of Debt to Income, RDI, ;
Ratio of Debt Service to Income, RDSI; ,
Log-Income: In(P; ;)
Years of education of home head
Unemployment ;
Wage volatility o,
Out of Santiago
Age of home head
Age squared /100
2 members in home
3 or more members
Share of loan for "Durables"
Share of loan for "Pay previous debts"
Share of loan for Health needs

RE of loan type: &;;

1 = Bank
2 = Bank-+Retail
3 = Retail
4 = Union
5 = Other

6 = No Access
RE of log-amount: (;

Log-loan amount (t' =t —4)

-0.027 (0.055)
-0.001 (0.681)
0.245 (0.147)*
0.05 (0.044)

2.575 (0.634)"*
-3.372 (1.955)
0.071 (0.027)***
0.057 (0.021)***
-0.02 (0.369)
-0.371 (0.367)
0.011 (1.349)
0.099 (0.031)***
0.126 (0.061)**
0.003 (0.007)
0.247 (0.097)***
0.075 (0.023)***
0
0.614 (0.227)***
0.849 (0.489)*
0.045 (0.088)
0.621 (0.211)***
0.701 (0.794)
0.006 (0.765)

Propensity to morosity (¢’ =1t)

1.534 (0.178)***
1.535 (0.195)***
0.791 (0.171)***
1.638 (0.142)***
1.457 (0.105)***
0.467 (0.136)***
-0.400 (0.089)***
-0.062 (0.126)
2.871 (1.585)*
0.425 (0.253)*
-0.044 (0.113)
0.109 (0.016)***
-0.139 (0.045)"**
0.071 (0.042)*
0.390 (0.236)*
-0.290 (0.173)*
0.375 (0.188)**
0.736 (0.345)**
p
-1.127 (0.679)*
0.909 (0.113)***
-0.241 (0.184)
0.009 (1.021)
-0.397 (0.335)
0.749 (0.157)***
0.062 (0.072)

Economic models of default decision assume that Health expenses are less predictable than other

expenses, since tastes for consumption and past loan commitments are already known to the

household. Therefore health expenses are an unpredictable shock for households and one that

often leads to default even for low amounts of debt (Chatterjee et al., 2007).

Table 8.2 summarizes the estimated heteroscedasticity of the unobserved tastes for loan amount

and default behavior, plus a contemporary loan amount shock which is independent over time.

Again, we can conclude that households of higher income and education are less heterogeneous

in their tastes for loan amount and default behavior.

However, the heteroscedasticity of the



Table 8.2: Coefficients of the standard-deviation (in log) of the random-effects of loan amount and morosity

Exogenous variables Log-loan amount: Log-loan amount: Propensity to morosity:
Random Effect (; Contemporary shock &i,t Random Effect 7;
constant -0.306 (0.489) 0.055 (0.127) -0.05 (0.225)
2008/09 -0.434 (0.518) 0.207 (0.275) 0.004 (0.035)
LS 20 o7 In(Piy) -4.522 (0.938)*** 1.839 (0.447)** -0.712 (0.181)***
Education -3.107 (0.712)*** 1.134 (0.487)** -0.588 (0.218)***
S o Wit 0.107 (0.291) 0.078 (0.441) 0.001 (0.027)
A S o Tt 0.043 (0.054) 0.116 (0.663) -0.007 (0.013)

contemporary unobserved shock for loan amount is increasing with income and education. This
shows that higher income and highly educated households are less persistent in their indebtedness,

since their loan amounts depend more on contemporary shocks than constant factors.

6 Conclusions

This paper shows how households’ characteristics impact their choice of consumer loans and default
behavior. Low labor market risk (as measured by unemployment risk, job separation rates and wage
volatility) is correlated with having no desire for consumer debt, while low income is the strongest
cause of a lack of access to credit. Unemployment risk increases the probability of households opting
for all types of consumer loans, but it has a greater impact on lenders who do not apply credit scoring
such as Retail Stores and Credit Unions. Loan amounts increase with income, unemployment risk
and wage volatility, therefore consumer loans may help smooth income shocks.

The default probability decreases with income and increases with high levels of indebtedness
relative to income, unemployment risk and wage volatility, confirming the existence of unobservable
factors in the adverse selection among Chilean debtors. Bank debtors have the lowest risk levels,
which is expected from a lender that applies credit scoring extensively (Edelberg, 2006). However,
borrowers with a high unobservable preference for loans with both Banks and Retail Stores have a
higher probability of default. This is relevant for Chile, because there is no public database of all
the loans of borrowers and therefore banks cannot know whether their customers have debts outside

of the banking system (Alvarez, Cifuentes and Cowan, 2011). This may imply that there could

34



be benefits in creating a public database providing common knowledge for all lenders in Chile
(Pagano and Jappelli, 1993). At the same time I estimate that households with lower access to
consumer loans have unobserved factors that are positively correlated with default, which implies
that Chilean lenders are somewhat successful in screening out negative risks. Health needs are
positively associated with default behavior, which could denote these expenses are difficult to
predict and insure (Chatterjee et al., 2007). Finally, the probability of getting a loan and the
choice of loan amount is increasing in the number of household members and quadratic in age,
resembling the profile of life-cycle consumption (Attanasio and Weber, 2010).

Finally, I show that households are heterogeneous in their loan tastes, especially among the low
education and income families. This result may imply that economic shocks or loan regulation (or

deregulation) initiatives will have an heterogeneous welfare impact across the population.
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