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Abstract

In the last decades, consumer debt experienced a marked increase in the
United States, Latin America and other emerging countries, spurring a debate
about the real costs and benefits of household credit. This paper explores the
psychological costs of over indebtedness. Using a unique dataset with detailed
health and balance sheet information of a large sample of Chilean households we
construct depression measures based on a questionnaire used in standardized
medical diagnosis. We find causal evidence that over indebtedness increases
depression and that the e↵ect is large, comparable to half the e↵ect of the
loss of a family member. Most of the impact seems to be associated with non-
mortgage debt -primarily consumer credit supplied by large retail chains- or late
mortgage payments. We explore some of the behavioral and cognitive channels
that make over indebtedness psychologically harmful. The probability of over
indebtedness is found to be higher for individuals that exhibit self-regulation
problems (gambling, smoking, drinking), leading to higher depression. This is
a measure of the cost of debt explained by impulsivity in terms of an objective
psychological well-being indicator. Individuals with higher numeracy skills are
also associated with higher over indebtedness but -ceteris paribus- their overall
depression measures are lower. Our findings suggest that self-control and cog-
nitive abilities play a role in explaining sad debt.
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1 Introduction

In the last decades, large segments of the world population have increased their
access to credit. In the United States, between 1983 and 2004 the household me-
dian debt to income ratio nearly quadrupled and lower to middle income households
gained access to mortgages and consumption credit.1 In Latin America and other
emerging countries, the rise of the new middle classes and poverty exit by millions of
people over the last decade is a remarkable social change that has also been accom-
panied by a massive rise of credit uptake.2 Some of the potential benefits of credit of
availability are consumption smoothing and the financing of productive investments
such as education or working capital. At the same time, increased access to credit
by lower or middle income individuals can be associated to high interest rates, non-
bank credit, and, in some cases, predatory credit. Some have argued that expensive
liquidity could cause more harm than good, leading to over indebtedness, financial
distress (White, 2007; Skiba and Tobacman, 2009), and even underinvestments in
health and education (Melzer, 2011).

This has fueled a debate in two fronts. First, on the positive side, it seems impor-
tant to understand the real costs of credit. Specifically, borrowing and debt burden
may not reveal optimal choices but can instead be associated with self-control prob-
lems, overconfidence and cognitive limitations that lead to mistakes; or they could
be associated with market failures -poor credit screening, lack of consumer infor-
mation and financial literacy, or predatory credit.3 Second, in the aftermath of a
crisis sparked by the the collapse of subprime credit, it has spurred a policy debate
on the potential economic and social impact of household over borrowing on finan-
cial stability and the regulation credit supply and access (IMF, 2006; Zinman, 2010).

This paper explores the psychological costs of over indebtedness. We use a unique
dataset of Chilean households and show a robust causal e↵ect of over indebtedness

1The median debt service to income ratio among all households rose from 5% in 1983 to 13%
in 2007; the share of households with debt service obligations that exceeded 40% of income rose
from 4% in 1983 to 11% in 2007. The share of households with debt increased more for lower-
income households than higher-income households (Dynan, 2009). The percentage of the lowest
quintile having a positive credit card debt increased from 12.3% in 1983 to 29% in 2004 (Scholz
and Seshadri, 2009) .

2The growth of household debt in the last fifteen years is common to Latin America and other
emerging countries (IMF, 2006, chapter 2). In Brazil, for example, debt service to income increased
from 16% in 2005 to 36% in 2011 (IMF, 2013). Colombia and Chile show similar growth rates in
the last decade.

3Laibson et al. (2003, 2007) and Gross and Souleles (2002) provide evidence supporting the view
that self-control can be central to explain debt increase in the United States. The importance of
bounded cognition in financial decisions has been widely documented by a body of work behavioral
finance (Thaler, 1993, 2005; Thaler and Benartzi, 2004). A recent discussion of the interaction be-
tween behavioral biases, information asymmetries and financial regulation can be found in Campbell
et al. (2011). See also Bertrand and Morse (2011).
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on psychological well-being. The Chilean case is interesting to explore for several
reasons. First, since the 1990s there has a been an explosive growth of consumer
credit, especially in lower-middle and middle income households. This boom has
been largely driven by non-banking credit provided by retail stores, supermarkets,
pharmacy chains and large department stores. From 2003 to 2009, the ratio of
debt to income increased 35% and consumer credit increased at a rate of 12% per
year.4 In 2008 the number of credit cards was more than 19 million, more than one
per capita, where 50% was o↵ered by retailers and other non-bank credit suppliers.
Second, Chile has one of the highest rates of depression prevalence in the world.
A striking 17% of the adult population is estimated to have su↵ered this illness
in 2010.5 Indeed, a comparative study with subjects from fifteen countries around
the world showed that, in 1999, Santiago was the capital with the highest depres-
sion symptoms by a fair margin (Simon et al., 1999). Finally, our dataset is very
rich and especially well suited for the question in hand. We use a large nationally
representative longitudinal household survey, the Social Protection Survey (SPS),
that includes complete household balance sheets, detailed health information and
a rich set of controls (demographics, socioeconomic variables, labor history, house-
hold characteristics, medical history, time and risk preferences, among others). Our
measure of over indebtedness is based on the ratio of unsecured debt on household
income. To measure depression, we take advantage of a module of survey questions
used to clinically diagnose depression in the mental health profession (CES-D short
form as in the United States Health and Retirement Study). Each question has
a binary score, allowing us to construct a depression index -that aggregates these
answers for each individual- and resembles the ones used by physicians.

Our first set of results provide correlational evidence and show a positive and
significant relationship between over indebtedness and depression. Interestingly, a
decomposition of the di↵erent types of debt shows that the (conditional) correlation
is driven by consumer debt and mortgage delinquency. Over indebtedness associ-
ated with non-delinquent mortgages is not significantly correlated with depression.

Next, we tackle the issue of causal identification. Identifying a causal e↵ect
of over indebtedness on depression is complicated given the possibility of reverse
causality or a spurious correlation. Our identification strategy takes advantage of

4See Ruiz-Tagle et al. (2013) for a recent characterization of debt in Chile.
5A recent study showed that, for a sample of ten high-income countries that included France,

Germany, Japan and the United States, among others, the mean 12-month prevalence of depression
was 5.5%. The United States was at the top of this list with a prevalence of 8.3%. For eight low
and middle income countries, including Brazil and Colombia, the mean of the 12-month prevalence
found by the study was 5.9% and Brazil had the highest prevalence with 10.7% (Bromet et al.,
2011). The Chilean prevalence rate nearly triples the average across countries and is significantly
higher than the highest prevalence rate in the study. A similar picture arises if we consider the
prevalence of depression over a lifetime. For the sample of high income countries the prevalence is
15,5%, for the low and middle sample it is 11%, and the number for Chile is estimated to be 21%.
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the variation in geographical access to retail chain stores, the main non-bank credit
providers. A key source of non-mortgage credit for most of the population is pro-
vided by retail chain stores.6 Indeed, three out of four individuals that, according
to our measure, fall in the group of those over indebted, have non-mortgage credit
supplied by retailers. For this group, the median monthly income was $530 dollars,
and the median non-mortgage debt was $1,876 dollars. On average, 60% of this
consumer debt was with retail stores.7 The instruments we use measure geographic
access to commercial retailers -the number of retail stores located in the munici-
pality and in the province where the individual resides- as an instrument for over
indebtedness. We find a significant causal e↵ect of large magnitude. As a robustness
check, we use an entirely independent identification method -a non-linear bivariate
probit model- that confirms the causal e↵ect of over indebtedness on depression and
the magnitude of this e↵ect.

The final set of estimates identifies heterogeneous e↵ects in the population. We
are primarily interested in exploring the behavioral and cognitive channels that
could make over indebtedness psychologically harmful. Specifically, two systematic
departures from the traditional “homo economics” highlighted in the psychology and
economics literature are limited self-control and limited cognitive resources. We dis-
tinguish between the direct e↵ect that measures the impact of di↵erent behavioral
characteristics on depressiveness and the indirect e↵ect that measure the extent to
which di↵erent behavioral characteristics are associated with di↵erent levels of over
indebtedness and, a↵ecting depression through excessive debt. The overall contribu-
tion of a behavioral characteristic on depression is the sum of these two e↵ects. First,
using di↵erent measures of individual self-control -measures of gambling, drinking
and smoking habits- we find, as expected, that lower self-control is associated with
a statistically significant higher probability of over indebtedness. We find that the
direct e↵ect of self-regulation on depression is weak or non-existing. Thus, self-
regulation problems are associated with a higher depression index mostly due to a
higher debt burden relative to individuals with lower inclination to behaviors often
associated with impulsivity. More depression is a cost of the debt associated to
lack of self-regulation. Second, we construct individual measures of numeracy skills
derived from the responses to basic arithmetic questions in the survey. We show
that individuals with higher scores are also associated with a higher probability of
over indebtedness but, at the same time, they exhibit lower levels of depression as
the direct e↵ect more than compensates the indirect e↵ect.

6As argued later, while the opening of retail stores is certainly associated to observable char-
acteristics of a municipality -demographics, socioeconomic variables, property prices, etc.- it is
uncorrelated with depression at the time of introduction.

7The annual interest rates associated to this consumer loans between 2009 and 2012 has ranged
between 40 and 57%, the highest ones observed in the Chilean financial market. Thus, it seems fair
to say that is this is probably a marginal source of credit for most of these debtors.
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Our paper contributes to the literature of economic determinants of subjective
well-being in economics and public health. While there is substantial recent work
showing a correlational association between financial stress, indebtedness and neg-
ative physical and mental health (Brown et al., 2005; Drentea and Lavrakas, 2000;
Drentea, 2000; Reading and Reynolds, 2001; Zimmerman and Katon, 2005) there
are few papers that show a causal link. More closely related to our paper, Bridges
and Disney (2010) estimate a recursive bivariate probit model to identify a causal
link between a measure of self-reported depression and a subjective measure of fi-
nancial stress and find a significant positive e↵ect. Our work is complementary as it
confirms their qualitative findings but di↵ers in a number of dimensions. First, we
use measures of depression based on the ones used by physicians to diagnose the ill-
ness and objective measures of financial strain based on households’ balance sheets,
i.e., our implications are not based on the relationship between two subjective re-
ports. Second, the authors use a sample of families with children in the UK, where
the respondent is normally a female, while we use sample representative of national
adult population of Chile. Third, our identification is based on a novel instrumental
variable approach that exploits variation in geographical access to non-bank credit
providers in line with Melzer (2011). Finally, we estimate the “depression cost” that
could be associated to self-control problems and bounded cognitive resources.

Importantly, our work tries to elicit some of the channels that could mediate
the relation between over indebtedness and psychological discomfort and find that
behavioral and cognitive channels such as impulsivity and cognitive abilities, may
be an important determinant of the sad consequences of debt. In this sense, our
paper contributes to a vast research agenda in psychology and economics that shows
that impulsivity and bounded rationality can lead observed behavior to depart from
welfare maximizing behavior (Schelling, 1984; Akerlof, 1991; Laibson, 1997; Bern-
heim and Rangel, 2009, Green and Hojman, 2009). Previous work in this area has
emphasized that models that rationalize over borrowing at excessive interest rates
-such as intensive and extensive credit card use and pay-day loans- are either con-
sistent with present-biased motivation or overconfidence (Laibson, 1997; Angeletos
et al., 2001; Skiba and Tobacman, 2008; Skiba and Tobacman, 2009). More re-
cently, using pay-day loans data for the U.S., Melzer (2011) has shown that this
type of credit is casually associated to costs such as lower investments in health and
children education. Skiba and Tobacman (2009) show that pay-day loan creditors
are more likely to engage in criminal behavior. Presumably, at least in some cases,
these portfolio choices are associated with lower well-being. Our work finds direct
evidence that one of the costs of over indebtedness at high interest rates is precisely
lower psychological well being and, at least part of this su↵ering, seems consistent
with the discrepancies between choice and welfare highlighted by previous work in
psychology and economics.
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The rest of the paper is organized as follows: Section 2 describes the data and
introduces our measures of depression and over indebtedness. Section 3 presents the
empirical strategy. Section 4 presents the estimation results. Section 6 concludes.

2 Data, Depression and Over Indebtedness Measures

The main source for our data is the Chilean Social Protection Survey (SPS; En-
cuesta de Protección Social). The SPS is a longitudinal household survey that aims
to characterize the social protection and the labor market conditions in Chile for
adult individuals. We use information from all four rounds of the SPS panel -2002,
2004, 2006 and 2009. For the year 2009, the only year containing a section with a
depression diagnostic survey, the sample consists of 14,463 individuals and is rep-
resentative of the population over 18 years old. The survey contains information
on income, employment history, assets, debts, pensions, health, individual history,
family events (e.g. births, divorce, deaths, changes in household composition), fam-
ily history, cognitive and non-cognitive skills.

As mentioned earlier, there is no abundance of high-quality financial data com-
bined with health data. In contrast to previous studies on the economic determinants
of psychological well-being that rely on self-reported responses to mental illness, we
are able to construct measures of psychological distress using clinical diagnostic
questions included in the survey. At the same time, using household financial bal-
ance sheets, we are able to produce objective measures of over indebtedness, and
decompose the di↵erent sources of credit. The SPS also allows for a rich set of
controls. We now concentrate on explaining our psychological distress and financial
stress measures.

2.1 Psychological distress measures

The measures of psychological distress that we use are based on a set of eight
questions that aim to capture some aspects of the respondents depressive symptoms.
The questionnaire coincides with the “Short Form of the Center for Epidemiological
Studies Depression Scale (8 questions)”. This scale is used to diagnose depression
and has also been included in other surveys such as the “American Health and
Retirement Study”. The questions are the following:

(1) Have you felt depressed?
(2) Have you felt that everything you do is an e↵ort?
(3) Have you felt that your sleep is restless?
(4) Have you ever felt alone?
(5) Have you felt happy?
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(6) Have you felt that you enjoy life?
(7) Have you felt sad?
(8) Have you felt you could not get going?

The answers to these questions are used to generate a psychological distress
measure, referred as the depression index. Specifically, for each respondent i and
each question j 2 {1, ..., 8} a binary variable d

ij

, is created, taking the value 1 if the
answer to the question indicates a state of psychological distress and 0 otherwise.8

The index for individual i, d
i

, is defined as follows:

d
i

=
8X

j=1

d
ij

. (1)

That is, d
i

is simply the sum of the binary variables associated with each question,
d
ij

, so that the index takes values between 0 and 8. The average of the index in our
sample is 3.6 and its standard deviation is 2.4.

Using the depression index, we construct a depression binary indicator D
i

, which
takes the value of 1 if the individual has a score D

i

greater than or equal to a
threshold value d̂, and zero otherwise. The indicator also allows for a “depression
diagnostic” interpretation with some caution. Formally,

D
i

=

⇢
1 if d

i

� d̂,

0 if d
i

< d̂.

The choice of the threshold value d̂ 2 {1, 2, ..., 8} comes from calibrating the index
to the national diagnosed depression rate. In particular, d̂ is such that the share of
people with D

i

= 1 -a “positive diagnosis”- is the smallest upper bound to the share
of people diagnosed with depression in the Chilean adult population. According
to the Chilean National Health Survey the prevalence of depression in Chile in the
year 2009 was 17.2% of the population.9 Given the distribution of the psychological
distress index, we chose d̂ = 6 as the threshold, as it implies that 26% of the in-
dividuals in our sample have a psychological distress binary indicator equal to 1.10

8For example, if the answer to question 2 (Have you felt that everything you do is an e↵ort? ’) is
positive, then d

i1 = 1; if the answer to question 6 (Have you felt that you enjoy life? ) is negative,
then d

i6 = 1; and so on. A detailed account of this construction is presented in the Appendix A.
9The NHS considers a sample of 5,000 individuals representative of the Chilean population and

identifies depression by the direct diagnosis of a mental health professional.
10Using d̂ = 5 yields a share of individuals with a psychological distress indicator equal to 1 of

38%, while d̂ = 7 yields a hare of 12.8%. Using the equivalent set of questions in the American
Health and Retirement Study, Ste�ck (2000) uses a threshold of d̂ = 4 for a population of Americans
aged 45 and over.
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Importantly, our statistical results are robust to di↵erent choices of the threshold.11

We verify that our index and the binary indicator based on the survey questions
is consistent with diagnosed depression. Indeed, the SPS asks respondents to report
if they have ever been diagnosed with depression.12 The simple correlation between
the psychological distress index and a dummy variable that takes value 1 if the in-
dividual reports a diagnosis of depression and zero otherwise, is 0.32 and 0.30 for
the binary indicator.

In addition, our measures show di↵erences across basic socio demographic groups
that are consistent with self-reported diagnosis and medical diagnosis, as seen in
Table 1. Both the index and the binary indicator capture rather well the gender
and educational level di↵erences observed in the o�cial depression figures in the 2009
National Health Survey: the index is consistently higher for women; the higher the
educational level the lower the index value for both males and females. The higher
psychological distress for older populations captured by our index is consistent with
self-reports of diagnosed depression reported in the survey. In sum, we believe our
psychological distress index and our binary indicator seem to capture rather well
the main features of captured by medical data.13

Descriptive statistics of our data appear in Tables 2 and 3. Being a female,
having a lower household income or education level, and being older are associated
with a higher average depression index and with a greater percentage of individuals
with a depression binary indicator equal to 1. The average value of the psychologi-
cal distress index is greater for individuals who are unemployed or inactive relative
to employed individuals. The same applies to widowers or separated individuals
relative to those single or married. Having young children does not seem to be
associated with greater psychological distress measures. However, those with older
children have lower psychological well-being compared to individuals without chil-
dren. The table also shows that the average of the psychological distress index
is higher for obese individuals (Body Mass Index - BMI - of 30 or more),14 those
having a chronic disease, cancer, and those with inpatient treatment in the past
two years. The same applies to individuals who have a family members diagnosed
with depression or who have been diagnosed with depression at some point in life.

11Results using other threshold values are available upon request.
12The total share of the sample that responded a�rmatively when asked about a previous diag-

nostic of depression is 9.3%, relatively low compared with the 21% from the NHS. This suggests
considerable under-reporting of diagnosed depression. In contrast, the measures we construct rely
on the current psychological state, finer information based on several questions, and a standardized
scale used by the medical professionals to diagnose depression.

13We note that the NHS data shows a decline in depression rates for those above 65 years old
that is not completely captured by our measures nor self-reported depression diagnosis.

14The survey includes information on self-reported height and weight that was used to calculate
the BMI.
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On average, the death of husband/wife and/or a child is associated with a higher
value of the depression index. Finally we can observe that the index is higher for
individuals that had a foster parent and those with no assets (such as cars, houses,
machinery or financial assets).

Table 2: Depression Index (d
i

) , Depression Binary Indicator (D
i

) by individual
characteristics

% d
i

D
i

(%)
Total 3.6 26.0
Male 49.6 3.0 17.6
Female 50.4 4.1 34.3
< 24 years old 1.2 3.2 21.5
25 to 44 years old 40.3 3.4 23.0
45 to 64 years old 40.6 3.8 28.8
65+ years old 17.9 3.6 26.9
Primary Education 40.5 4.0 32.0
Secondary Education 40.7 3.4 23.9
Terciary Education 18.7 3.0 17.6
Income Quintile I 20.2 4.0 33.7
Income Quintile II 19.9 3.8 29.0
Income Quintile III 20.2 3.6 26.7
Income Quintile IV 19.8 3.4 23.8
Income Quintile V 20.0 3.0 16.9
Employed 60.7 3.2 20.6
Unemployed 8.8 4.1 33.4
Inactive 30.5 4.1 34.7
Married 62.5 3.4 23.1
Separated 9.6 4.2 35.6
Widower 7.0 4.5 39.3
Single 21.0 3.5 25.8
No children 24.3 3.3 23.0
Has under 1 year old children 1.1 2.7 12.1
Has children between 2 and 4 years old 2.6 3.1 17.0
Has children between 5 and 13 years old 18.4 3.5 24.5
Has children between 14 and 18 years old 23.1 3.8 28.3
Has children over 18 years old 30.5 3.8 29.0
BMI<30 80.3 3.5 24.6
BMI�30 19.7 3.9 31.7

Source: Author’s calculations based on SPS 2009.
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Table 3: Depression Index (d
i

) , Depression Binary Indicator (D
i

) by individual
characteristics (continuation)

% d
i

D
i

(%)
Total 3.6 26.0
Drinks Alcohol No 61.2 3.8 29.4

Yes 38.8 3.3 20.6
Smokes No 69.4 3.5 25.4

Yes 30.6 3.7 27.4
Has a chronic disease No 70.9 3.3 22.2

Yes 29.1 4.2 35.4
Has cancer No 98.0 3.6 25.7

Yes 2.0 4.5 41.1
Has been inpatient in last 2 years No 89.1 3.5 25.1

Yes 10.9 4.1 33.8
Has newborn No 98.4 3.6 26.0

Yes 1.6 3.9 30.2
Relative diagnosed with depression No 93.2 3.5 25.4

Yes 6.8 4.3 34.7
Has been diagnosed with depression No 90.9 3.3 22.0

Yes 9.1 6.0 66.4
Close familiar passed away No 97.3 3.5 25.5

Yes 2.7 4.9 45.9
Had foster parents No 97.4 3.6 25.8

Yes 2.6 4.1 33.4
Fatherless No 95.0 3.6 26.0

Yes 5.0 3.7 26.2
Home owner No 22.7 3.7 27.4

Yes 77.3 3.6 25.6
Car owner No 74.6 3.8 29.2

Yes 25.4 3.0 16.8
Owns machinery No 95.1 3.6 26.2

Yes 4.9 3.4 22.7
Holds financial assets No 75.4 3.6 27.4

Yes 24.6 3.4 21.7

Source: Author’s calculations based on SPS 2009.
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2.2 Financial stress indicators

There is no consensus in the household finance literature on how to identify an
over indebted household. Based on data availability, several measures have been
proposed, including debt to income ratios, financial service ratios, number of debts
and number of arrears, among others, with the primary goal of forecasting credit
defaults. There are two main sources of households’ indebtedness, mortgage debt
and consumer debt. Although mortgage debt typically implies a large debt with a
significant monthly debt service, in Chile, the majority of households do not hold
mortgage debt. As seen in Table 4, only 11.6% of the households in our sample hold
this type of debt. In parallel, consumer debt typically implies high interest rates and
large service ratios with short-run repayment obligations, being much more spread
out among households. According to our data, in 2009, 46.5% of Chilean households
hold some consumer debt.

Previous studies have used proxies of subjective financial stress measures, mostly
self-reported financial stress measures.15 In this paper we use more precise measures
of objective financial stress based on household balance sheets following the house-
hold finance literature. In particular, we use financial service to income ratio for
consumer and mortgage debt, plus information on mortgage arrears.

Our financial stress indicators are based on the respondents’ report of the amounts
of consumer debt (bank consumer loans, bank credit cards, and retailers credit cards)
and mortgage debt held by the interviewee and her/his spouse. With this informa-
tion, and assuming an average interest rate for each type of debt and debt repayment
deadlines, an average estimated monthly payment MP k

i

is computed for each type
of debt k, for each household i in the survey.16 We compute a measure of finan-
cial burden relative to monthly household income I

i

for each type of debt k, the
financial service ratio, as FSRk

i

= MP k

i

/I
i

. Adding over all types of consumer debt
we obtain the consumer debt financial service ratio FSRC

i

; the mortgage financial
service ratio is denoted FSRM

i

, and total financial service ratio is FSRT

i

.17

15Bridges and Disney (2010) attempt to go one step further by incorporating ‘objective’ financial
stress measures. They find a positive association between self-reported financial stress and objective
measures of financial well-being. However, they find that the link between objective financial
well-being and psychological stress is weak, in contrast to our findings. Still, the quality of the
financial well-being measures in the Bridges and Disney data can be questioned as they do not
have detailed information on balance sheets. Instead, they build financial stress measures based
on saving accounts holding, credit card access, use of a formal loan, number of debt arrears, and
amount of arrears.

16The standard formula for the monthly payment isMP k

i

=
Q

k
iPRk

l=0
1

(1+rk)l

, where Qk

i

is the amount

of debt of type k held by household i, Rk is the average residual period (in months) of debt type
k, and rk is the monthly interest rate of debt type k. The interest rates and residual terms used
are in Appendix B.1.

17We truncate outliers above 2 in FSRT

i

, FSRM

i

, and FSRC

i

.
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The descriptive statistics of our financial service ratio indicators are shown in
Table 4. We can observe that, for the whole sample, the average FSRT shows that
households spend 24% of their monthly income in debt service. However, if we con-
sider only those households that hold positive consumer debt, this figure increases
to 48%. This is a large number as it indicates that almost half of monthly income is
spent servicing debt. The figures for consumer debt (FSRC) are similar, reaching
22% and 47% respectively. This reveals that most of the financial service comes
from consumer debt. Nevertheless, it is important to note that the distribution
of the FSRC measure is highly skewed to the right, ie, the median is significantly
lower than the mean, reaching only 25% for all debt, and 23% for consumer debt
(among debtors). A number of features emerges from Table 4. A life-cycle pattern
is suggested by the fact that middle-aged individuals exhibit larger FSRC indica-
tors, in line with the consumption/savings literature (Carroll, 1997; Laibson, 2001).
Individuals with more education are more likely to hold consumer debt (reflecting a
wider access for them), but tend to have lower indebtedness. The same pattern can
be observed by income quintile. On the other hand, the needs e↵ect on the demand
is reflected in larger FSRC for those with children of di↵erent ages.

Beyond the financial service ratio, we use mortgage arrears as an additional
objective financial stress indicator, also reported in the survey. We use this infor-
mation to compute a binary indicator MA

i

equal to 1 if household i has mortgage
arrears and 0 otherwise. We can observe from Table 4 that 2% of households report
arrears. Those households are mostly middle aged, female household headed. Fi-
nally, in addition to the FSRC , we consider a binary indicator of over indebtedness.
This indicator, OI

i

, is a dummy variable taking the value 1 if the FSRC

i

indica-

tor is above a threshold value FSRC and 0 otherwise. The interpretation is that
OI

i

= 1 corresponds to an over indebted individual. As discussed later, we choose
FSRC = 0.34 using a statistical optimality criterion. We observe that 18% of our
sample is classified as over indebted. Middle-aged and highly educated individuals
are more likely to be over indebted. However, over indebtedness is relatively more
frequent among low and middle income individuals.

2.3 Other controls

Our set of controls includes standard socioeconomic and demographic factors such
as income, education, employment status, age and family composition. More im-
portantly, given the multiplicity of factors present in the onset of depression, it is
desirable to isolate the propensity to have depression as much as possible (Zimmer-
man and Katon, 2005). Since depression has a high biological and environmental
component, we include controls for whether the respondent or any person in the fam-
ily has ever been diagnosed with depression in their lives, and other controls related
to non-cognitive skills coming from the TIPI test (Ten-Item Personality Inventory
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test, Gosling et al., 2003) that have been recently used in the economic literature
(Heckman, 2011). Other medical factors such as the onset of cancer, other diseases,
BMI, drinking habits, are also included. Moreover, we include important life events
such as changes in the family composition, children ages, death of close relatives,
divorce, among others. Given the multiple factors that can a↵ect depression, an
important strength of this paper is the large set of controls that we are able to
incorporate.

3 Sad Debt

This section provides correlational evidence on the relationship between our mea-
sures of depression and over indebtedness. Our main focus is to identify the associa-
tion between psychological distress and over indebtedness for specific types of debt.
We estimate variations of the following linear model:

d
i

= X 0
i

� + �f
i

+ "
i

, (2)

where d
i

is the psychological distress index defined in the previous sections, X
i

cor-
responds to a vector of controls, f

i

is a measure of financial stress, and "
i

is the
error term. The variations considered di↵er either on the estimation method or on
the measure of financial stress considered. Specifically, we consider two di↵erent
methods, OLS and ordered probit estimation.18

The first measure of financial stress f
i

we use is the ratio of financial service over
income ratio (FSRT ) introduced in the previous section. An important variation of
(2) considers a decomposition of the di↵erent types of financial burden. Specifically,
we consider

d
i

= X 0
i

� + �1FSRM

i

+ �2FSRC

i

+ �3MA
i

+ "
i

. (3)

where FSRM

i

, FSRC

i

, and MA
i

are measures of financial burden associated to
mortgage, consumer debt and mortgage arrears, respectively, as presented in the
previous section.

18The OLS strategy is the most straightforward but it assumes that the dependent variable is
continuous. Since the psychological distress index takes discrete ordered values from 0 to 8, the
ordered probit tackles this issue. For the ordered probit approach we can assume that there is
a latent variable d⇤

i

that determines the level of psychological distress that the econometrician
observes, d

i

.
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The OLS estimates are shown in Table 5. The conditional correlation of in-
debtedness on the depression index is found to be positive and highly significant in
the simple linear model. The parameter for total financial service ratio, FSRT , is
estimated at 0.30. Since the standard deviation of the psychological distress index is
2.4, the coe�cient indicates that an increase of the financial service ratio indicator of
one unit is expected to increase the depression index by 12.5% standard deviations
(since the average of the index is 3.6, an increase of one the standard deviation raises
the index to a value of 6, which is precisely the threshold we use for the depression
indicator). This is a relatively large e↵ect on depression as it amounts to 40% of
the impact of the death of a close relative.

We use a long list of control variables that might a↵ect psychological distress.
Most of them are significant with the expected signs. First, we use general socio-
demographic controls (column 1 in Table 5). We find a significant gender e↵ect on
psychological distress, consistent with the literature (Piccinelli andWilkinson, 2000).
Similarly, age has a positive and significant coe�cient. We also observe a socioeco-
nomic gradient as lower income quintiles are more likely to su↵er from psychological
distress (the omitted category is the the richest quintile). In addition, more edu-
cated individuals exhibit significantly less psychological distress. Labor status also
seems to matter, as unemployed and inactive individuals are associated with higher
psychological distress. Second, we use a set of family characteristics (columns 1 and
2). We observe that married individuals are associated with lower psychological
distress, while separated individuals are associated with higher depressiveness. The
age of children is statistically significant. Individuals with one-year-old children or
younger are associated with a significantly lower depression index, in contrast to
those with children between 5 and 18 years old.

Turning to the set of health controls (column 2 in Table 5) we find that chronic
diseases, a previous diagnostic of depression, and having a relative diagnosed with
depression, are all associated with a higher depression index. We also find that
most variables measuring non-cognitive skills are significant -emotional stability,
openness to experience, extraversion, agreeableness. On the other hand, assets (car
and home ownership) significantly decrease psychological distress. Life events such
as the recent death of a close relative significantly increases psychological distress.
So does having had foster parents, while growing up fatherless has no significant
e↵ect. Finally, health risk factors such as obesity and smoking are significantly
associated with a higher depression, while drinking is not statistically significant.

We next turn to a decomposition analysis that investigates if di↵erent sources
of over indebtedness have di↵erent impacts on depression. We do so by estimating
di↵erent variations of the original model. By separating the types of debt, we find
that mortgage financial service ratio, FSRM , has no significant e↵ect on the de-
pression index (column 2 in Table 6). In contrast, consumer debt financial service
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ratio, FSRC , absorbs all of the economic and statistical significance of the relation-
ship with the depression index. Nevertheless, mortgage arrears do have a significant
impact on depression (column 3) doubling the e↵ect of consumer debt.

Table 6: OLS estimates for the e↵ect of Financial Stress Indicators on the Depression
Index

Dependent Variable: Depression Index (d
i

)
(1) (2) (3) (4)

FSRT

i

0.300***
(0.0424)

FSRM

i

0.166 -0.0260
(0.154) (0.158)

FSRC

i

0.300*** 0.300***
(0.0433) (0.0433)

MA
i

0.617*** 0.608***
(0.142) (0.135)

OI
i

0.378***
(0.0506)

Socio Demographics Yes Yes Yes Yes
Family Characteristics Yes Yes Yes Yes
Health problems Yes Yes Yes Yes
Non Cognitive Skills Yes Yes Yes Yes
Assets Yes Yes Yes Yes
Personal History Yes Yes Yes Yes
Health Risk Factors Yes Yes Yes Yes
Regional Dummies Yes Yes Yes Yes
Observations 12,259 12,259 12,259 12,259
R-squared 0.221 0.221 0.223 0.223

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

As mentioned above, there is no consensus in the household finance literature
on how to define when an individual is over indebted. In contrast to previous work,
that has proceeded by defining an arbitrary fixed threshold FSRC , in this paper
the threshold is determined endogenously. We do so by selecting the model that
maximizes the value of the likelihood function.19 For this purpose, we use a grid
search for the threshold FSRC throughout our OI

i

indicator (between 0.1% to
200%). The result of the search is specific to the specific variation of equation (2)
considered. In particular, for the OLS estimate the threshold obtained is FSRC =
0.34. In the Appendix B.2 we show that the estimates are robust for a wide range of

19Disney et al. (2008) suggest that if a household spends more than 25% of its total monthly
income on debt payments, it should be classified as over indebted. Others such as Ruiz-Tagle et al.
(2013) suggest instead that the over indebtedness threshold should be evaluated considering the
particular problem under study.

18



threshold choices.20 Using the over indebtedness indicator, we find that it captures
all of the e↵ect of the financial service ratio indicator (the coe�cient is estimated at
0.37 (column 4 in Table 6). This suggests that while over indebtedness is positively
associated with psychological distress, holding a moderate debt service ratio may
not be necessarily harmful for the individual.

The OLS estimation results are confirmed by the ordered probit estimates (columns
1 to 4 in Table 7). We observe a significant positive e↵ect of total financial service
ratio on depression, where all of the e↵ect is captured by consumer debt (column
2). In addition, we find a significant coe�cient for mortgage arrears, reinforcing the
idea that arrears is what matters for psychological distress but not necessarily the
mortgage debt per se.21

Table 7: Ordered Probit estimates of the e↵ect of Financial Stress Indicators on the
Depression Index (Coe�cients reported)

Dependent Variable: Depression Index (d
i

)
(1) (2) (3) (4)

FSRT

i

0.146***
(0.0206)

FSRM

i

0.0971 0.00556
(0.0773) (0.0798)

FSRC

i

0.146*** 0.146***
(0.0210) (0.0210)

MA
i

0.293*** 0.293***
(0.0678) (0.0647)

OI
i

0.180***
(0.0245)

Socio Demographics Yes Yes Yes Yes
Family Characteristics Yes Yes Yes Yes
Health problems Yes Yes Yes Yes
Non Cognitive Skills Yes Yes Yes Yes
Assets Yes Yes Yes Yes
Personal History Yes Yes Yes Yes
Health Risk Factors Yes Yes Yes Yes
Regional Dummies Yes Yes Yes Yes
Observations 12,259 12,259 12,259 12,259

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

20In Appendix B.2 we present the point estimates and the confidence interval for the grid.
21Coincidentally, we found that the threshold value that maximizes the value of the likelihood

function is the same as for the OLS model, ie, FSRC = 0.34.
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The nature of the psychological distress index makes it relatively di�cult to
interpret the size of the estimated coe�cients from the OLS and Ordered Probit
models in Tables 6 and 7. A more intuitive interpretation of the size of the rela-
tionship is obtained by using the psychological distress binary indicator presented
in the previous section as the dependent variable, and estimating a probit model as
the probability of su↵ering depression. The probit model we estimate is as follows:

Pr(D
i

= 1) = �(X 0
i

� + �OI
i

) (4)

where D
i

is depression binary indicator, OI
i

the over indebtedness indicator, and
�(·) is the normal distribution of the probit model. The usefulness of this scheme
is that the marginal e↵ects can be interpreted as the change in the probability of
having a depression binary indicator equal to one; or with some caution, as the
change in the probability of su↵ering depression.

Table 9: Marginal e↵ects of Probit estimates of the e↵ect of Financial Stress Indi-
cators on the Depression Binary Indicator

Dependent Variable: Depression binary Indicator (D
i

)
(1) (2) (3) (4)

FSRT

i

0.0417***
(0.00858)

FSRM

i

0.00903 -0.0172
(0.0313) (0.0339)

FSRC

i

0.0428*** 0.0429***
(0.00874) (0.00874)

MA
i

0.0775** 0.0724**
(0.0330) (0.0312)

OI
i

0.0635***
(0.0114)

Socio Demographics Yes Yes Yes Yes
Family Characteristics Yes Yes Yes Yes
Health problems Yes Yes Yes Yes
Non Cognitive Skills Yes Yes Yes Yes
Assets Yes Yes Yes Yes
Personal History Yes Yes Yes Yes
Health Risk Factors Yes Yes Yes Yes
Regional Dummies Yes Yes Yes Yes
Observations 12,259 12,259 12,259 12,259

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The estimate results are presented in Table 8. The sign and the significance of the
e↵ects on psychological distress in the Probit estimations are consistent with those of
the previous models. Focusing then on the size of the e↵ects, total financial service
ratio increases the probability of having high psychological distress in 4.17%. 22 As

22Females exhibit a probability of having having high psychological distress 8.9% larger than
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a benchmark, the e↵ect of having a close relative recently passed away increases the
probability of depression in 13% (column 3 in Table 8).

We observe that the increase in the probability of high psychological distress
associated with a change from OI

i

= 0 to OI
i

= 1 is above 6%. Moreover, the
impact of having mortgage arrears on depression is 7%. These are very large e↵ects,
as they amount to half of the impact of having had a close relative that has recently
passed away.

4 Identifying a causal e↵ect on depression: Instrumen-
tal Variables and Bi-probit Estimation

Identifying the causal e↵ect of over indebtedness on depression is not straightforward
given the possibility of reverse causality or a spurious correlation. Our identification
strategy is based on instrumental variables that capture di↵erences in the geographic
supply of consumer credit. Later, as a robustness exercise, we use an entirely inde-
pendent method, a bivariate probit model as in Bridges and Disney (2010). Both
approaches have di↵erent identifying assumptions and, overall, the results obtained
are remarkably consistent.

4.1 Instrumental Variables

We use a set of instruments that take advantage of the geographic variation of retail
chain stores across municipalities, provinces and regions at the time of the survey.
In our sample, 88.4% of the group of over indebted individuals have a standing
credit with retailers, and this form of credit represents 60% of consumer credit.
This suggests that geographic access to retail chain stores is a good measure of
access to non-banking credit providers.23 The key assumption for identification is
that the location of credit could be linked to average socio economic characteristics
of the area, but is not correlated with those of each individual, particularly with his
psychological distress.

In December of 2009 there were 11 large retail chains with national geographic
coverage in Chile and a total of 482 retail stores throughout the country. These
chains concentrate 61% of the sales of durable goods, issue more than 77% of credit
cards and supply more than 40% of the non-banking credit held by households. The
country’s territorial administrative division consists of 15 regions, each region is
divided into provinces with a total of 53 provinces, and each province is subdivided

males. The large size of the coe�cients of unemployment and inactivity (close to 5%) indicates
that labor status also matters for psychological distress. On the other hand, children under 1 year
old seems to decrease depressiveness in 7%, while having children above 5 years old seem to increase
that probability in 2%.

23It is also possible that the location of commercial centers is correlated with banks, an thus with
access to bank credit as well.
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into municipalities with a total of 345 municipalities. Only 12% of the country’s
population live in rural areas. Using o�cial data from the retail stores industry, we
were able to construct an exhaustive list of the stores with their respective locations.
Table 10 shows the geographic variation of stores located in each area. Using this
information, for each individual in the sample, we generated two measures of access
proximity to retail chain stores, AMun

i

and AProv

i

, that respectively designate the
number of retail stores in the municipality and province where individual i lives.
Maps that illustrate the geographic variation of these variables can be found in
Appendix C.

The use of geographical credit access as an instrument requires us to account for
the striking centralization of the country. The Metropolitan Region (MR) includes
Santiago -the capital- and its immediate surroundings, and concentrates close to
seven million inhabitants, nearly 40% of the population of the country in a relatively
small area compared to other regions. It also concentrates most of the services,
and 44% of the country’s GDP. More closely related to the issue in hand, as seen
in Table 10, 29% of the stores of the sample are in this region. Many of these
stores are located either in centric areas of Santiago, in large regional malls or
neighborhood malls. For illustration, at the end of 2009, Santiago had 11 large
malls and each included at least one large retail store; these malls are located close
to an urban transportation hub and the set covered most of the peripheral areas
of the city. This means that almost anyone in Santiago had expedite access to
a large retailer that o↵ers credit. Hence, one should not expect the AMun

i

and
AProv

i

variables defined above to be particularly informative about access within
the MR: most individuals are proximate to multiple stores, and that probably puts
them beyond an “access saturation point”.24 In contrast, at most one regional mall
existed in other regions containing a city with 300,000 inhabitants or more, and
transportation was considerably less developed. Indeed, as seen from Table 10, in
our sample, the median number of stores in a province for individuals in the MR is
103 while the median in all other regions ranges from 4 to 22. Similarly, the average
of this variable in the MR is 81.1, while the largest average for other regions is 20.3.

With this caveat in mind, let 1out

i

be a dummy variable taking the value 1 if the
individual i lives outside of the Metropolitan Region and 0 otherwise. Accordingly,
the instruments for credit access in our main regressions are ZMun

i

= 1out

i

⇥ AMun

i

and ZProv

i

= 1out

i

⇥ AProv

i

. Thus, the instruments should capture geographical
variation in access to credit for individuals in regions other than the Metropolitan
Region (maps showing the geographical variation are in Figures 4 and 5 in Appendix
C).

24In practice, we expect physical access to stores o↵ering non-banking credit to be an increasing
and concave function of these variables.
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Table 10: Retail Stores O↵ering Credit Access by Region

Geographic Population Retail % Retail AProv AMun

Region Stores Stores Mean Median SD Mean Median SD
I 238,950 12 2.5 12.0 12 0.0 10.5 11 2.2
II 493,984 27 5.6 10.4 14 5.0 9.8 13 4.7
III 254,336 13 2.7 6.0 8 3.1 5.6 8 3.7
IV 603,210 29 6.0 16.2 20 6.3 6.8 8 4.7
V 1,539,852 61 12.7 20.3 10 13.7 6.2 6 4.4
VI 780,627 22 4.6 12.0 16 5.0 4.9 2 5.6
VII 908,097 37 7.7 11.5 11 1.2 5.0 3 4.4
VIII 1,865,650 50 10.4 16.8 22 5.8 4.4 1 5.8
IX 869,535 27 5.6 13.8 22 8.5 4.9 0 6.0
X 716,739 29 6.0 9.2 9 4.9 5.7 1 6.3
XI 91,492 6 1.2 3.1 4 1.0 3.1 4 1.0
XII 150,696 9 1.9 8.0 8 0.0 8.0 8 0.0
MR 6,061,185 140 29.0 81.1 103 40.0 4.8 2 7.2
XIV 356,396 12 2.5 7.8 9 2.4 6.1 8 3.4
XV 189,644 8 1.7 8.0 8 0.0 8.0 8 0.0
Total 15,120,393 482 100 38.3 16 40.7 5.4 4 6.0

Source: Author’s own calculation
Note: AProv and AMun correspond to the number of retail stores at provincial and municipality level respectively.

We use these instruments to estimate the first stage of the 2SLS implementation
of the IV:

OI
i

= X 0
i

� +↵1A
Mun

i

+ ↵2A
Prov

i

+ ↵3A
Mun

i

⇥AProv

i

+↵4Z
Mun

i

+ ↵5Z
Prov

i

+ ↵6Z
Mun

i

⇥ ZProv

i

+R0
i

� + ⌘
i

, (5)

where OI
i

is the over indebtedness index used previously, X
i

is the vector of con-
trols, R

i

is a vector of regional dummies, and ⌘
i

is the error term.

Importantly, we observe that the location decisions of retail stores are driven
by urban density, demographic, socioeconomic and commercial variables -access to
services, transportation, space availability and price. For example, in Chile, the
location of malls and large retail stores is explicitly aimed to attract an expected
amount of revenue per year, and the models used to project these amounts are based
precisely on these type of variables aggregated at the municipal level (Galetovic
et al., 2009). Thus, conditional on the large list of demographic and socioeconomic
control variables and regional dummies we consider, we believe that the instruments
we propose are uncorrelated with the individual depression error term, as required
by the IV exclusion restriction.

The first stage of the IV estimation is interesting on its own merit. The F -
test yields a value of 16.07, making us confident that the instruments are not weak
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(Stock and Yogo, 2002). Gender (being female) has a positive significant e↵ect on the
probability of being over indebted and age is associated with a positive, concave and
significant e↵ect. Individuals in lower income quintiles exhibit larger probabilities
of being over indebted. However, inactivity is associated with a lower probability of
being over indebted. Couples and separated individuals seem to be more likely to be
over indebted. Chronic diseases and a diagnosis with depression are associated with
higher over indebtedness probabilities; so is car ownership. Considering health risk
factors, both obesity and alcohol drinking are associated with a higher probability
of over indebtedness.

The second stage of the 2SLS implementation of the IV estimation is similar to
our main equation (2), using the results of the first stage. That is,

d
i

= X 0
i

� + �f̂
i

+R0
i

� + "
i

. (6)

where f̂
i

is the predicted value of the financial stress indicator from the first stage.

The results of the second stage of the IV estimation are summarized in Table
12. The main result is that we obtain a positive and significant coe�cient for over
indebtedness. The point estimate is 2.77, the size of the e↵ect is rather large, it is
nearly seven times larger than the non-instrumented estimate (Table 13). This is
likely due to the fact that instrumental variables capture a local e↵ect. This local
e↵ect is driven by those individuals that are actually a↵ected by the instrument,
in this case, those who are exposed to more access to credit and increase their
indebtedness because of that. Finally, it is also worth mentioning that most of
the coe�cients related to individual characteristics and other controls remain fairly
unchanged with the IV implementation (Table 12). These results strongly support
a causal link from over indebtedness to depression.

4.2 Robustness Exercise Using Bivariate Probit Estimation

The IV estimates just presented imply a statistically significant e↵ect of over indebt-
edness on the depression index and yield a point estimate coe�cient that is con-
siderably larger than the one obtained without correcting for endogeneity. As just
pointed out, this is not surprising given local e↵ect captured by the IV estimation.
Nevertheless, as a robustness exercise, we implement an alternative identification
method and estimate a recursive bivariate probit model (see Greene and Hensher,
2010). The Bivariate Probit estimation uses the binary depression measure D

i

and
the binary index of over indebtedness OI

i

defined in the previous section. As before,
the threshold to determine over indebtedness is endogenously chosen to maximize

26



T
ab

le
12

:
S
ec
on

d
S
ta
ge

In
st
ru
m
en
ta
l
V
ar
ia
b
le
s
es
ti
m
at
io
n

D
ep

en
d
en

t
V
a
ri
a
b
le
:
D
ep

re
ss
io
n

In
d
ex

(d
i

)

d O
I i

2.
77

4*
**

H
a
s
u
n
d
er

1
y
ea

r
o
ld

ch
il
d
re

n
-0
.3
67

**
*

C
o
n
sc
ie
n
ti
o
u
sn

es
s

-0
.0
01

12
(0
.6
74

)
(0
.1
17

)
(0
.0
23

4)
S
oc
io

D
em

og
ra
ph

ic
s

H
a
s
ch

il
d
re

n
b
et
w
ee

n
2
a
n
d

4
y
ea

rs
o
ld

-0
.0
52

3
A
ss
et
s

F
em

a
le

0.
58

0*
**

(0
.0
83

4)
C
a
r
o
w
n
er

-0
.3
95

**
*

(0
.0
51

4)
H
a
s
ch

il
d
re

n
b
et
w
ee

n
5
a
n
d

1
3
y
ea

rs
o
ld

0.
08

41
(0
.0
58

6)
A
g
e

0.
02

30
**

(0
.0
57

2)
O
w
n
s
m
a
ch

in
er

y
0.
14

4
(0
.0
10

2)
H
a
s
ch

il
d
re

n
b
et
w
ee

n
1
4
a
n
d

1
8
y
ea

rs
o
ld

0.
17

5*
**

(0
.0
98

5)
S
q
u
a
re

d
a
g
e

-0
.0
00

28
1*

**
(0
.0
55

1)
H
o
ld
s
fi
n
a
n
ci
a
l
a
ss
et
s

0.
00

39
9

(9
.6
1e
-0
5)

H
ea
lt
h
pr
ob
le
m
s

(0
.0
50

0)
In

co
m
e
Q
u
in
ti
le

I
0.
13

7
H
a
s
a
ch

ro
n
ic

d
is
ea

se
0.
42

3*
**

H
o
m
e
o
w
n
er

-0
.0
96

4*
(0
.0
96

6)
(0
.0
57

6)
(0
.0
51

3)
In

co
m
e
Q
u
in
ti
le

II
0.
14

0*
H
a
s
ca

n
ce

r
0.
21

9
R
el
a
ti
v
e
In

co
m
e

0.
23

4*
**

(0
.0
84

4)
(0
.1
50

)
(0
.0
66

0)
In

co
m
e
Q
u
in
ti
le

II
I

0.
03

17
H
a
s
b
ee

n
in
p
a
ti
en

t
in

la
st

2
y
ea

rs
0.
38

6*
**

P
er
so
n
al

H
is
to
ry

(0
.0
76

1)
(0
.0
70

5)
H
a
d

F
o
st
er

p
a
re

n
ts

0.
18

5
In

co
m
e
Q
u
in
ti
le

IV
0.
06

34
H
a
s
n
ew

b
o
rn

0.
45

6*
**

(0
.1
35

)
(0
.0
69

8)
(0
.1
73

)
F
a
th

er
le
ss

-0
.0
93

8
Y
ea

rs
o
f
S
ch

o
o
li
n
g

-0
.0
77

9*
**

R
el
a
ti
v
e
d
ia
g
n
o
se
d

w
it
h

d
ep

re
ss
io
n

0.
40

7*
**

(0
.0
95

6)
(0
.0
08

81
)

(0
.0
80

8)
H
ea
lt
h
ri
sk

fa
ct
or
s

U
n
em

p
lo
y
ed

0.
36

8*
**

H
a
s
b
ee

n
d
ia
g
n
o
se
d

w
it
h

d
ep

re
ss
io
n

1.
77

3*
**

O
b
es
it
y

0.
09

25
(0
.0
83

2)
(0
.0
71

4)
(0
.0
58

7)
In

a
ct
iv
e

0.
37

6*
**

F
a
m
il
y
m
em

b
er

re
ce

n
tl
y
p
a
ss
ed

aw
ay

0.
74

2*
**

S
m
o
k
es

0.
32

6*
**

(0
.0
64

5)
(0
.1
46

)
(0
.0
49

5)
F
am

il
y
C
ha

ra
ct
er
is
ti
cs

N
on

co
gn

it
iv
e
sk
il
ls

D
ri
n
k
s
a
lc
o
h
o
l

-0
.0
84

2
M

a
rr
ie
d

-0
.3
39

**
*

E
m
o
ti
o
n
a
l
S
ta

b
il
it
y

-0
.1
69

**
*

(0
.0
51

5)
(0
.0
71

0)
(0
.0
21

6)
C
o
n
st
a
n
t

3.
11

1*
**

S
ep

a
ra

te
d

0.
20

5*
*

A
g
re

ea
b
le
n
es
s

0.
13

1*
**

(0
.3
94

)
(0
.0
91

2)
(0
.0
25

1)
W

id
o
w
er

0.
10

1
O
p
en

n
es
s
to

E
x
p
er

ie
n
ce

-0
.0
51

6*
**

R
eg

io
n
a
l
D
u
m
m
ie
s

Y
E
S

(0
.1
12

)
(0
.0
19

3)
H
a
s
n
o
ch

il
d
re

n
-0
.0
36

6
E
x
tr
av

er
si
o
n

-0
.1
67

**
*

O
b
se
rv

a
ti
o
n
s

12
,2
59

(0
.0
62

9)
(0
.0
21

8)
F
-t
es
t,

w
ea

k
Id

en
t

16
.0
7

R
ob

u
st

st
an

d
ar
d
er
ro
rs

in
p
ar
en
th
es
es

**
*
p
<
0.
01

,
**

p
<
0.
05

,
*
p
<
0.
1

27



Table 13: OLS estimates for the e↵ect of Over Indebtedness on the Depression Index

Dependent variable Depression Index (d
i

)
OLS 2nd stage IV
(1) (2)

ÔI
i

0.379*** 2.774***
(0.0506) (0.674)

Socio Demographics Yes Yes
Family Characteristics Yes Yes
Health problems Yes Yes
Non Cognitive Skills Yes Yes
Assets Yes Yes
Personal History Yes Yes
Health Risk Factors Yes Yes
Regional Dummies Yes Yes
Observations 12,259 12,259
R-squared 0.222
Hansen J test 0.0188
F-test, weak Ident 16.07

the likelihood, so that FRSC = 0.34. The problem is set up as a system of linear
equations of unobserved underlying latent variables D⇤

i

and OI⇤
i

:

D⇤
i

= X 0
1i�1 + �OI

i

+ "1i (7)

OI⇤
i

= X 0
1i�2 + "2i (8)

where only the binary variables D
i

and OI
i

are observed. In this system, "1i and
"2i are assumed to be jointly normal distributed with zero mean, variance equal
to 1, and correlation parameter ⇢. As Wilde (2000) points out, the existence of
su�cient variation in the regressors is su�cient to obtain identification, even if the
sets of regressors in each equation are the same. That is, no exclusion restrictions
are needed (see also Bridges and Disney, 2010 for a similar application).

The estimation of the marginal e↵ects of the second stage of the bivariate probit
is presented in column 2 of Table 14.25 We use the instruments introduced previously
to overidentify the bivariate probit estimation (column 3). The last row shows the
significant coe�cient of correlation between equations (⇢), which is consistent with
the endogeneity presumption. As a comparison baseline, column 1 reproduces the
results of the simple probit model presented in the previous section (Table 9). The
sign and the significance of the coe�cients in the bivariate probit estimations are
consistent with those obtained in the IV model: the point estimate is much larger
than the one obtained without correcting for endogeneity in the simple probit model.

25For the case of bivariate probit with instruments, the first stage coe�cients are presented in
Table 19 in the Appendix D.
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Table 14: Recursive Bivariate Probit estimates for the e↵ect of Over Indebtedness
on the Depression Binary Indicator

Dependent variable Depression binary Indicator (D
i

)
Bivariate Probit Bivariate Probit

Probit W/O Instruments W/ Instruments
(1) (2) (3)

ÔI
i

0.0636*** 0.316*** 0.339***
(0.0114) (0.0755) (0.0632)

Socio Demographics Yes Yes Yes
Family Characteristics Yes Yes Yes
Health problems Yes Yes Yes
Non Cognitive Skills Yes Yes Yes
Assets Yes Yes Yes
Personal History Yes Yes Yes
Health Risk Factors Yes Yes Yes
Regional Dummies Yes Yes Yes
Observations 12,259 12,259 12,259
⇢ -0.409*** -0.454***

(0.126) (0.109)

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

In sum, our robustness exercise confirms a significant positive impact of indebt-
edness and over indebtedness on psychological distress. These results suggest that
there is a causal e↵ect and that the magnitudes of the coe�cients are robust for two
independent identification strategies.

5 Sad Debtors

In this section we explore the role of self-control and cognitive skills on over in-
debtedness and depression. A central contribution of the psychology and economics
literature has been to provide theoretical and empirical foundations on the lim-
its of self-control and cognitive resources in economic decision-making (Schelling,
1984; Akerlof, 1991; Laibson, 1997). In the context of household financial decisions,
there is a floury of research suggesting that individuals may over consume and over
borrow due to self-regulation problems or overconfidence. More generally, debt de-
cisions could be associated with mistakes that can potentially harm an individual’s
well-being.26 The evidence we present below sheds light on the costs of “impulsive
debt” on psychological well-being.

26For example, recent research suggests that pay-day-loan debts are likely associated either with
self control problems or miscalculations Skiba and Tobacman (2009) and that these debtors invest
less in health and education, and exhibit poorer work performance (Melzer, 2011; Carrel and
Zinman, 2013).
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Let ✓
i

measure an individual trait that we later identify either with impulsivity
(self-control problems) or cognitive ability. We write f

i

= f(X
i

, ✓
i

) to represent the
fact that over indebtedness -an endogenous behavior- is a function of ✓

i

and other
individual characteristics captured by the vetcor X

i

. At the same time, it seems safe
to assume that well-being and, in particular, psychological well-being, depends at
least on endogenous decisions (e.g. consumption, savings, debt, health investments,
among others) individual characteristics and exogenous circumstances. Then, we
can write our depression index as d

i

= �(f(X
i

, ✓
i

), X
i

, ✓
i

). This implies that self-
control can a↵ect depression directly, or indirectly, via debt choices f(X

i

, ✓
i

). In
this framework, the overall impact of an increase of ✓

i

on our depression measure
can be decomposed as the sum of a direct and an indirect e↵ect. For exposition, if
we assume that all variables are continuous, we have that

dd

d✓
=

@�

@✓|{z}
Direct E↵ect

+
@�

@f

@f

@✓| {z }
Indirect E↵ect

. (9)

If ✓
i

measures impulsivity, we would expect @f

@✓

> 0. That is, more impulsivity
-less self-regulation- is associated with larger over indebtedness. In the case of
cognitive abilities, the sign of @f

@✓

is less obvious. Higher cognitive skills could be
associated with more awareness of the use of credit instruments, more information
gathering and processing, or more consciousness about the potential consequences
of over indebtedness. These might lead to either higher or lower credit demand.
However, if more cognitive skills are associated with less mistakes, one might expect
that, if people with more cognitive resources choose higher over indebtedness, the
overall e↵ect on depression need not be positive. The indirect e↵ect via debt might
be compensated by the direct e↵ect. For example, if the over indebtedness of an
individual with higher cognitive resources is less likely to be suboptimal, it seems
plausible that it might be less likely to trigger more depression.

We estimate @f

@✓

using a linear regression like the one used in the first stage of our
IV procedure presented in the previous section, including measures of impulsivity
and numeracy skills as explanatory variables of over indebtedness. On the other
hand, to estimate @�

@✓

and @�
@f

we use a linear model like the second stage of our
IV estimation, now adding again self-control and cognitive ability as explanatory
variables for depression.

We provide measures of self-control problems that exploit a set of questions in-
cluded in the SPS survey related to behaviors that are typically associated with
self-regulation problems and addictions (Gruber and Köszegi, 2001; Bernheim and
Rangel, 2004). The questions ask individuals about their drinking, smoking and
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gambling habits.27 We use a dummy variable for each of these habits: Gambler
is equal to 1 if the individual reports at least one gambling activity and 0 if not;
Smoker is equal to 1 if the individual smokes and 0, otherwise; and Drinker is
analogously defined.28 In our sample, 25% of the individuals are gamblers, 31% are
smokers and 39% are drinkers.

Since smoking and drinking can a↵ect health directly, for robustness, we use two
measures of self-control problems. The first one is simply the gambling indicator.
The second one is an index that combines the impact of gambling, smoking and
drinking. Specifically, we define Impulsivity = Drinker + Gambleer + Smoker,
with values 2 {0, 1, 2 and 3}.29 As shown in Table 15, there is a strong correla-
tion between smoking and drinking, but the correlation between these habits and
gambling is rather weak.

Table 15: Correlation of measures of self-control problems

Gambler Smoker Drinker
Smoker 0.016
Drinker 0.063 0.264
Impulsivity 0.530 0.672 0.716

The survey also includes a few basic numeracy questions in a financial literacy
module. The two questions we used to construct our measure of numeracy skills
are the following: If the likelihood of getting a disease is 10%, how many people out
of 1,000 would get the disease? ; and If 5 people have the lottery winning numbers,
and the prize is 2,000,000 pesos, how much would each one receive? We construct
an ordinal variable, Numeracy Score, indicating whether the respondent answered
correctly zero, one or both questions. The share of the sample with zero correct
answers is 42%; 27% have one correct answer; and 31% have both answers cor-
rect. The correlation between having the first and the second question correct is
0.46. Clearly, a successful answer to these questions could depend on the level of
education, socioeconomic status or other individual variables. To isolate a relative

27The SPS questionnaire asks: Do you smoke?, and then How many cigarettes do you smoke on
average in a month? Individuals are also requested to answer Do you consume alcoholic drinks
such as beer, wine, distilled liquor, or other liquor? How many days per week each? To measure
gambling behavior, the questionnaire asks Do you participate in any of the following gambling?
Horse racing; casino; lottery; slot machines; others; and how many times per month/week/year?

28We also tried other definitions that made use of intensity information such as frequency of
gambling and obtained very similar results. [These estimations are available upon request].

29We are aware that the impulsivity index may confound self-control information with direct
health e↵ects associated to drinking and smoking, so that this should be considered when inter-
preting our results.
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numeracy ability indicator, we regress Numeracy Score on the vector of individual
characteristics X

i

and define the Numeracy Skills variable as the residual. That is,
Numeracy Skills index is the part of the numeracy score that is not explained by the
large set of individual controls that we have included. We believe that this measure
is more closely associated with innate abilities.30

With these self-control and numeracy skills indicators, we obtain estimates of
the indirect e↵ects on depression (Table 16). We find that gambling, self-control
problems, and numeracy skills all have significant positive e↵ect on over indebt-
edness. An individual identified as gambler increases his probability of being over
indebted by 2.15% (column 1). In parallel, our impulsivity index indicates that an
additional self-control problem (either gambling, drinking or smoking), increases the
probability of being over indebted by 2.01% (column 2). Finally, our results indicate
that larger numeracy skills would increase the probability of being over indebted by
3.19% (column 3).

Table 16: Heterogeneous e↵ects

Dependent variable: Over Indebted (OI
i

) Depression Index (d
i

)
(1) (2) (3) (4) (5) (6)

Gambler 0.0215*** -0.0340
(0.00829) (0.0529)

Impulsivity 0.0201*** 0.0762**
(0.00435) (0.0300)

Numeracy Skills 0.0319*** -0.200***
(0.00474) (0.0351)

Socio Demographic Yes Yes Yes Yes Yes Yes
Family Characteristic Yes Yes Yes Yes Yes Yes
Health problems Yes Yes Yes Yes Yes Yes
Non Cognitive Skills Yes Yes Yes Yes Yes Yes
Assets Yes Yes Yes Yes Yes Yes
Personal History Yes Yes Yes Yes Yes Yes
Health Risk Factors Yes Yes Yes Yes Yes Yes
Over Indebted Yes Yes Yes Yes Yes Yes
Regional Dummies Yes Yes Yes Yes Yes Yes
Observations 12,259 12,259 12,259 12,259 12,259 12,259

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

In line with equation (9), to compute the total e↵ect of the personal traits on
our depression index we obtain estimates of the direct e↵ects (@�

@✓

). The results
show that being a gambler has no significant direct e↵ect on the depression index
(column 4 in Table 16). On the other hand, self-control problems index has a pos-
itive significant coe�cient of 0.076 (column 5), suggesting that self-control proxies

30This methodology follows Carranza and Hojman (2013).
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such as smoking and drinking may directly a↵ect on psychological well-being. We
observe that numeracy skills also have a negative significant coe�cient of -0.20 (col-
umn 6). Thus, self control problems (if anything) contribute to higher depression
and numeracy skills lower it. As mentioned earlier, possible interpretations of the
negative contribution of numeracy skills to depression are that these skills might
help to better overcome psychological distress or anticipate stressful situations.

With these results in hand, we compute the indirect e↵ect of being a gambler
on the depression index at 0.0611, with a bootstrap standard error of 0.028, which
indicates it is highly significant.31 This is a measure of the psychological cost as-
sociated to impulsive indebtedness. Since the direct e↵ect of being a gambler is
not statistically significant, we considered the overall e↵ect as equal to the indirect
e↵ect.32 Recalling the standard deviation of the depression index is 2.4, this e↵ect
corresponds to 2.5% of a standard deviation. We believe this is a large e↵ect when
compared to the death of a close relative, which implies an increase of 32% of a
standard deviation of the index. In parallel, the impulsivity index has an overall
e↵ect of 0.133 (with a bootstrap standard error equal to 0.023), being as big as 5.5%
of a standard deviation. Again, this is an important e↵ect that supports that self-
control problems may have an important e↵ect on depression through a direct and
indirect channel. Finally, the total e↵ect of numeracy skills is estimated at -0.11 as
the negative direct e↵ect dominates the positive indirect e↵ect of over indebtedness
(the bootstrap standard error is equal to 0.026).

6 Conclusions

This paper finds robust causal evidence of the e↵ect of over indebtedness on di↵er-
ent measures of depression. The e↵ect is mainly driven by consumer debt rather
than mortgage debt. The impact of over indebtedness on depression is large, the
psychological cost of non-mortgage debt burden is comparable to half of the e↵ect
associated to the loss of a family member. Depression is the leading cause of dis-
ability in the world and is associated with major individual well-being and economic
costs. In Chile, it is the second cause of years of life lost due to premature death
and disability, and the fourth most expensive to treat illness.

Depression implies costs in lost earnings, in demands on the health service and
in prescribing drugs to tackle the problem. In England, for example, it is thought
to represent a staggering £11 billion annually.33 In the United States, Peng et al.
(2013) estimated that the annual aggregate productivity loses due to depression-
induced absenteeism range from 700 million to 1.4 billion in 2009 USD. Our results

31We compute bootstrap standard errors using 1,000 replications.
32Nevertheless, when including the direct e↵ect in the computation of the bootstrap standard

errors, the variance increased significantly enough to make the overall e↵ect non-signficant.
33UK House of Commons (2011).

33



support the importance of identifying policies to improve di↵erent types of credit
choices by individuals to avoid the psychological distress.

In our data, the e↵ect of debt burden is stronger in the population with self-
regulation problems. While these findings suggest that impulsivity and forecasting
abilities could play a role in explaining “sad debt”, in line with the predictions
in the psychology and economics literature, further research is required to assess
the relative importance of psychological biases in mediating the impact of debt on
depression. More knowledge of these issues would better inform which policies might
be more e↵ective in reducing the negative psychological costs of excessive liquidity
at high interest rates. In particular, some places like Oregon have recently enacted
laws to limit credit access with questionable results as it could lead individuals to
acquire similar amounts of credit at high prices and against the law (Zinman, 2010).
In contrast, other interventions such providing better information to consumers on
the real costs of a loan might lead to lower over-borrowing and depression rates
(Hastings and Mitchell, 2011). This is an exciting agenda for future research.
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Appendix A CES-D Short Questionnaire

The table below shows the questions from the CES-D short form and the coding
used to construct the dummy variables (d

ij

) to generate the Psychological Distress
Index (d

i

).

Table 17: Center for Epidemiological Studies Depression Scale (CES-D) Short Form
(8 questions)

d
ij

Yes No
Have you felt depressed? 1 0
Have you felt that everything you do is an e↵ort? 1 0
Have you felt that your sleep is restless? 1 0
Have you felt alone? 1 0
Have you felt happy? 0 1
Have you felt that you enjoy your life? 0 1
Have you felt sad? 1 0
Have you felt you could not get going? 1 0

Appendix B Financial Service Ratio

B.1 Monthly Payments Data

The table below shows the interest rates used to calculate de monthly payments of
the FSR measures (see footnote 16 in the main text).
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Table 18: Interest Rates and Residual Periods for Financial Service Computation

Type of debt in SPS Anual interest rate Residual Periods
(December 2009) (in months)

Bank credit cards 42.7% 18
Bank overdrafts 20.43% 3
Department stores loans (less than 90 days) 50.9% 1.5
Department stores loans ( 90 days to 1 year) 50.9% 7.5
Department stores loans (more than 1 year) 50.9% 30
Bank consumption loans (less than 1 year) 42.7% 18
Bank consumption loans (more than 1 year) 17.2% 50
Finance company consumption loans 51% 18
Motorvehicle loans 44.3% 52
Social credit 18.3% 50
Educational loans 5% 96

Source: Central Bank of Chile and Superintendecy of Banks and Financial Institutions.

B.2 Grid Search for FSRc threshold to define Over Indebtedness
(OI

i

)

The graphs below illustrate the results of the estimated e↵ects of over indebtedness
on the depression measures for di↵erent thresholds of the consumer financial service
ratio (FSRC) used to define over indebtedness. The graphs present the results of
the estimates using OLS, Ordered Probit, and Probit, respectively. The central fact
is that, regardless of the FSRC value considered, confidence intervals do not include
zero.

Figure 1: OLS Estimated E↵ects of Over Indebtedness on the Depression Index
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Figure 2: Ordered Probit Estimated E↵ects of Over Indebtedness on the Depression
Index (coe�cients reported)
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Figure 3: Marginal e↵ects of Probit estimates of the e↵ect of Total Financial Service
Ratio on the Depression Binary Index
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Appendix C Access to Retail Stores

Figure 4: Geographical Variation of the number of retail stores by municipality
(Amun

i

)

Retail chain stores 
by municipality (2009)
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Figure 5: Geographical Variation of the number of retail stores by province (Aprov

i

)

Retail chain stores 
by province (2009)
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Appendix D Bivariate Probit Estimation

In the main text, Table 14 shows the Biprobit estimation of the e↵ect of over in-
debtedness on the Depression Binary Index. The table below shows the estimation
of the probability of being over indebted (OI

i

) as a function of the instruments used
for the bivariate estimation.
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