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How accurately do consumers report their debts in
household surveys?

Carlos Madeira*

Resumen

Este articulo hace una comparacion entre los datos financieros de una muestra representativa de
individuos prestatarios de la Encuesta Financiera de Hogares (EFH) de Chile y sus registros de
préstamos bancarios provenientes de la anterior Superintendencia de Bancos ¢ Instituciones Financieras
(SBIF). Se encuentra que la encuesta difiere del registro de crédito, no solo en el numero de préstamos
reportados, sino también en su monto, con un grado sustancial de heterogencidad. El estado de
morosidad es reportado con precision por los encuestados. Ademas, una fraccion considerable de las
discrepancias puede explicarse por errores de redondeo en las respuestas de la encuesta. Finalmente,
encuentro que las discrepancias son mayores cuando los encuestados no son la persona de mayor
ingreso en la familia.

Abstract

This article advances upon previous studies by using a unique match of a representative sample of
individual borrowers from the Chilean Household Finance Survey and their banking loan records. I
show that surveys differ from the credit registry, both in the number of loans reported and the debt
amounts, with a substantial degree of heterogeneity. Delinquency status is accurately reported by
survey respondents. Furthermore, a substantial fraction of the discrepancies can be explained by
rounding error in survey answers. Finally, I find that discrepancies are larger when respondents are not
the highest-income member of the family.

* Central Bank of Chile, cmadeira@bcentral.cl. I would like to thank Claudio Raddatz, Jon Frost, Basit Zafar, Sumit Agarwal, Jorge
Ponce and seminar participants at the Central Bank of Chile and the Chilean Financial Market Commission (CMF). The views expressed
in the article are those of the author and do not necessarily reflect the views of the Central Bank of Chile or its board members. All errors

are my own.



1 Introduction

Household finance surveys, such as the Household Finance Consumption Survey in Europe or the
Survey of Consumer Finance in the US, are increasingly used to study families’ decisions on savings,
investments and borrowing (Dynan and Kohn 2007, Christelis, Georgarakos and Haliassos 2013,
Christelis, Ehrmann and Georgarakos 2017, Le Blanc et al. 2015, Bover et al. 2016, Gathergood
and Olafsson 2024). Surveys on finances are important (Zinman 2009), especially because many
households and small enterprises rely on a diversity of funding sources and credit instruments,
which may come from bank and non-bank lenders. Surveys also measure both formal and informal
income sources, an advantage in countries where informal employment represents more than 25%
of the labor force. However, surveys suffer from measurement error, mainly due to intentional
mis-reporting (for instance, due to social desirability), lack of memory, cognitive error and rounding
by the respondents (Bound et al. 2001, Giustinelli et al. 2022, Stantcheva 2023). Measurement
error creates downward bias in coefficient estimates (Bound et al. 2001) and often complicates
empirical analysis such as requiring validation samples (Bound et al. 2001), repeated measurement
or instrumental variables (Schennach 2016). This makes it important to study the accuracy of
survey responses, especially in surveys with complex and difficult questions such as financial surveys.

Comparative studies of the aggregate amounts of household liabilities in survey datasets and
national accounts find a significant degree of under-reporting of loans in household surveys (Brown
et al., 2015), especially in the case of short-term debt such as consumer loans and credit cards
(Karlan and Zinman 2008, Zinman 2009). As a percentage of the total liabilities in national
accounts, a review of household finance surveys in Europe and the US between 1998 and 2002
found that surveys underestimated aggregate liabilities by 40% in Germany, 56% in Italy, 72.5% in
Portugal, 16% in Finland and 11% in the US (Sierminska et al. 2006, Kavonius and T6érmélehto
2010). For this reason, different survey methodologies and interview methods have attempted to
improve survey measurement of economic and financial variables (Le Blanc et al. 2015).

This work shows microdata evidence on how households’ self-reported debt information differs
from their administrative bank loan records. The study takes advantage of a unique matched dataset
between the Chilean Household Finance Survey (Encuesta Financiera de Hogares, in Spanish, from

hence on, EFH) and the Banking Loan administrative records (from the Chilean Banking Authority,



in Spanish, Superintendencia de Bancos e Instituciones Financieras, hence on SBIF).! The matched
survey-banking registry dataset improves much on the results of previous studies for other countries.
I show at the micro-level how the survey’s self-reported loan information differs from the true
banking debt records across respondents. The analysis assumes that the CMF banking registry
dataset can be used as a high quality external measure for validating the survey information. 2

This microdata allows to test whether the differences between survey information and loan
records are due to the number of non-reported loans or differences in the loan amounts. I also
analyze how the quality of survey information differs for households according to education, income
levels or demographic complexity (such as the coexistence of several financial decision makers in the
same household). Therefore, this is a strong improvement upon previous studies that were limited to
a comparison between aggregate debt amounts in survey data and administrative records (Zinman
2009, Brown et al. 2015, Bhandari et al. 2020).

Finally, I show explanations for the differences between survey and administrative records,
including: i) whether survey and administrative records differ because of a time lag relative to
when the administrative records are updated and the period in which the interview happens; ii)
whether households round their answers and this gives a discrepancy relative to the exact value in
the administrative records; iii) whether households with several members with an equal share of
income may have more mis-reporting of values.?

There are several novel contributions in this work. The first contribution is studying the
differences between survey and debt registry at the borrower level and not simply in terms of
the aggregate sum of all loans (Zinman 2009, Brown et al. 2015, Bhandari et al. 2020). The
second contribution is expanding the literature of individual measurement error in surveys, which
has focused on unemployment, income and social programs (Abowd and Stinson 2013, Meyer et

al. 2015, Meyer and Mittag 2019, Meyer and Mittag 2021), by adding a study for banking debt

data. The third contribution is analyzing explanations for the discrepancies between survey and

!Note that the Chilean Banking Authority was merged with the Insurance and Assets Authority in 2019, therefore

creating the Chilean Financial Market Commission (in Spanish, Comisidn del Mercado Financiero, CMF)).
2Note that in practice it is difficult to find any dataset that is error-free. However, the CMF registry has instances

where initial reporting errors can be corrected in later stages, which should reduce the frequency of errors.
3For instance, a working couple could have one member being responsible for the loan, but with the interviewed

member reporting the loan as his own.



loan registry, including time lags of records, rounding, retail loans not included in the registry
or assuming the loan responsibility of a different household member.? The fourth contribution is
by showing that the differences between survey and registry may lead to an underestimation of
household debt risk.

The matched survey-banking registry dataset provides data on all banking loan contracts
(including mortgages, consumer installment loans, credit cards and credit lines) for the period
2003 until 2018 and their self-reported cross-sectional information on household’s demographic
characteristics, income and loans (with either banks and non-banking institutions) for one survey
year (with household interviews in 2011, 2014 and 2017). The matched data includes the loan
history in the banking system for the interviewed persons plus survey-reported measures of income,
age and education for both the interviewed person and household members.

This analysis shows that there are substantial discrepancies between individual borrowers’
survey reports and the administrative records. In terms of loan participation, there is a significant
percentage of loans that are reported in the survey and not in the registry or vice-versa. However,
borrowers report the delinquency status of their loans quite accurately. They also report the
maturity of their mortgage and consumer installment loans quite accurately. In terms of loan
amounts, there are reasonable discrepancies, with the percentiles 25 to 75 going from a range of
-31% to 18% and between -0.7% to 59.3% for mortgage and installment loan amounts, respectively.
For credit cards and credit lines, the discrepancies are higher (a result also found for the US; see
Zinman 2009). This larger discrepancy for credit cards and lines of credit was to be expected,
because the survey interview only asks borrowers to report debts that will last more than one
month. Therefore, the survey does not include very short-term revolving debt.

I then test whether these differences can be explained by rounding errors in the survey reports,
since households tend to report round numbers that are multiples of 10. After rounding the registry
loans, I find indeed that such a mechanism can go a long way towards explaining the differences
in the middle of the debt amount distribution, with the discrepancies between survey and registry

becoming zero for a large fraction of the borrowers. For the case of consumer installment loans,

4Note that while rounding has been studied before in the context of other social surveys such as expectations
(Giustinelli et al. 2022), the role of rounding for surveys of household debt and their comparison with registry data

has not been studied before.



more than 25% of the borrowers have a null discrepancy in the debt amount reported between
survey and registry after rounding, while for mortgage loans this discrepancy is 7% or less for
more than 25% of the borrowers. Finally, I show that borrowers with complex households that
have a higher number of members with the highest-income (and possibly more access to loans) and
borrowers who are not the highest-income or the oldest members of the family tend to show more
discrepancies between their survey report and the registry. The reason is that in such situations
the borrower may be reporting loans in the survey that are not his or her own (for instance, the
spouse reports a consumer loan or mortgage as his or her debt, but in fact the loan was signed by
the highest-income household member, who was not present in the interview).

Household finance surveys are used for the analysis of debt risk and household stress tests
(Eurosystem Household Finance and Consumption Network 2009). I show how mismeasurement
of borrower debt affects the evaluation of debt service to income ratios. Therefore, matched
survey-registry datasets can improve this aspect of policy analysis. Furthermore, improvement
of survey design through the use of new technologies (such as financial aggregators and eased
sharing of information) may help to reduce survey measurement error in the future (Caplin 2025).

This work is closest to studies on the relationship between total debt amounts in household
finance surveys and administrative data, such as Zinman 2009 and Brown et al. 2015. Likewise,
it relates to the literature on measurement error in surveys using linked survey and administrative
information (Bound et al. 2001, Schennach 2016). This paper is also related to microeconomic
studies of household debt (Ampudia et al. 2016, Madeira 2018b, Merikiill and R66m 2020) and
more robust measures of interpreting survey responses (Lusardi and Tufano 2015, Madeira 2018a).
Some studies have compared survey and administrative records of debt for a single lender (Karlan
and Zinman 2008), although not for all bank lenders at the national level. Several countries have
the survey and credit registry datasets required for doing an analysis similar to this article, but
often the treatment of household survey data in confidentiality may require special legal treatment.

This study shows the first analysis of how individual reports of debt compare in a nationally
representative household finance survey and an administrative registry with full coverage of banking
debts. I show that delinquency behavior and maturities are accurately reported in survey data,
while loan amounts have a substantial degree of rounding error. This research fits well with the

analysis of rounding error in other micro-data applications, such as firms (Elosegui et al. 2024),



labor markets (Madeira and Salazar 2023), pensions (Cerletti et al. 2025, Madeira 2024) and
expectations (Giustinelli et al. 2022). Furthermore, it completes previous research on how financial
literacy improves survey reporting (Madeira and Margaretic 2022, Madeira et al. 2022).

This work is organized as follows. Section 2 summarizes the matched survey-banking registry
dataset. Section 3 shows the statistical discrepancy in terms of participation of different loan
types in the survey data and registry. Section 4 explains the statistical methodology for measuring
differences in continuous outcomes, such as debt amounts and maturities, between self-reported and
administrative data. I then test how much of the differences between survey and registry can be
explained by rounding error and outliers. Section 5 tests several hypotheses about the causes of the
discrepancies in the survey data, including the age profile of the interviewer and income complexity
of the household. Section 6 tests the implications of using matched registry and survey data for

the measurement of aggregate debt and debt risk. Finally, Section 7 summarizes the conclusions.

2 The matched survey-banking registry dataset

2.1 Quality of the matching dataset

The EFH is a cross-sectional survey in Chile implemented every 3 years, with around 4,000
households. The EFH is a representative cross-sectional survey with detailed information on
households’ assets, debts, income, and financial behavior, being broadly comparable to similar
surveys in the US and Europe (Eurosystem Household Finance and Consumption Network 2009).

All interviews are held in person. The EFH has a particularly detailed focus of the loans and
debt commitments of each household. It asks for the largest three 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

5Note that this work does not deal with non-bank debts of households. Other works, such as Madeira 2023
and Madeira 2025, study the choice of different debt types of the household, including bank, retail stores, union

and cooperatives credit, other non-bank lenders, a mix of banks and retail, while controlling for credit constrained



survey may ask for 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. Previous
research shows that age, education, income, household size (given by a function of the number
of adult members and children of the family) and unemployment risk are significant controls that
explain the choices of different loan types (Madeira 2023, 2025). This paper focuses on banking loans
and their report accuracy in the survey, therefore non-bank lenders are omitted in the analysis.5

The EFH survey asks for the identity of the household member that is responsible for each
loan, with the question: ”Which member of the household owns this debt?”. In the analysis of
this article, I only include the survey loans that were identified as being under the responsibility
of the interviewed person (who is providing the real ID for match with the banking authority’s
registry). This allows to compare for the interviewed persons reported loans in the survey and the
administrative records.

The EFH survey has a rotating panel structure, where each sample comes from a probabilistic
two-stage sampling design. In order to better capture the behavior of households with the highest
participation in the financial markets and with the largest share of total assets, the survey oversampled
the wealthiest 20% of households in the population. The survey includes homes of all quintiles of
taxable value, but there is a higher number of the top quintile of homes (i.e., the most expensive
homes). The identification of the richest households is based on the assessed value (by the Chilean
Internal Tax Service) of the property they live in, regardless of being renters or owners. Homes
which are not interviewed (either by refusal or because they are not home after several attempts
of contact) are replaced by homes of similar tax value, which ensures that the sample remains

representative and that there is no tendency towards poorer households. This type of sample

household and households with no wish for debt. These works control for demographics such as age, education,
household size, and also time-varying economic factors such as income, unemployment risk and year dummies that
account for other macroeconomic shocks happening in the survey year. Income and unemployment risk are both

heterogeneous factors across households that are also varying over time during the business cycle.
5The focus of this paper is only on the reporting of banking loans in the survey and administrative data. Banks

in Chile follow rigorous Know your customer (KYC) and Anti money laundering (AML) regulations. Furthermore,
informal workers are unlikely to obtain banking loans, since banks in Chile demand an employment contract and
proof of income before deciding the loan application. For these reasons, only high income customers get accepted for
banking loans (Madeira 2025) and this would exclude most of the low-income self-employed workers. For this reason,

I do not analyze whether illegal, black market or informal earnings affect banking debt in the sample data.



design is also used in the Survey of Consumer Finances of the United States and in the European
Household Finance and Consumption Survey (Madeira et al. 2022).

Like the SCF in the US and its European equivalents, the EFH survey interviews the ”person
with the highest knowledge of the household’s finances”, which is labelled the ”reference person”.
The reference person or interviewee is also usually equivalent to the household head. In around
67.5% of the cases the interviewed is also the household head. Furthermore, in 89.6% of the cases
the interviewee is either the household head or the partner of the household head.

To study the evolution of household indebtedness over time, the Central Bank of Chile and
Chilean Banking Authority (SBIF) built a survey-banking registry dataset, where the survey’s
information is linked to the monthly banking credit information for each month over the period
January 2003 to December 2018.7 The link between each household’s main member in the survey
dataset and its entire history of banking debt is made by using Chilean national identity numbers.®
Chileans make regular use of their national ID to obtain discounts in supermarket chains, apply for
loans, or to use the health system. Therefore, participating households are comfortable in providing
their information during the survey interview. Furthermore, each national identity number is
followed by a validation digit, which allows the surveyor to test whether the stated number is
correct and prevents mismatching.”

The national ID numbers of each survey respondent are then matched with the Chilean Banking

Authority registry, which include all the people who have ever applied for a banking product

"This study was developed within the scope of the research agenda conducted by the Central Bank of Chile
(CBC) in economic and financial affairs of its competence. The CBC has access to anonymized information from

various public and private entities, by virtue of collaboration agreements signed with these institutions.
8To secure the privacy of workers and firms, the CBC mandates that the development, extraction and publication

of the results should not allow the identification, directly or indirectly, of natural or legal persons. Officials of the
Central Bank of Chile processed the disaggregated data. All the analysis was implemented by the authors and
did not involve nor compromise the Comisidn para el Mercado Financiero (CMF) or its predecessor institution,

Superintendencia de Bancos e Instituciones Financieras (SBIF).
9Note that the chance of respondents giving a false id and then stating its validation digit correctly by answering

a random number are only 10%. Respondents would have to know the fairly complex math behind the validation
digits in order to give a false id number with a correct validation digit. This makes it extremely unlikely that the

respondents’ answers for their id numbers belong incorrectly to someone else’s id.



(whether a loan, a current account or a savings account).!0!!

Table 1 summarizes how many
households are observed in each dataset.!? There are around 13,110 households in the survey dataset
(waves 2011, 2014, 2017), with 8,047 respondents having both given a correct national ID number
and being matched in the registry banking loan dataset.'> Notably, not all the survey-banking
registry respondents had positive amounts of debt at the time of the survey. This implies that one
can only test the discrepancies in non-zero amounts of self-reported loans for 3,855 observations.

Positive debt amounts are observed in both survey and registry for 2,192 respondents.4!?

ONote that the EFH survey covers the universe of all urban households, independently of whether these applied
for banking products or not. Note also that the banking registry includes all persons who ever applied for a banking
product (even if they were refused). Therefore, people who applied for loans or any banking product (loan or account)
are a part of the matched registry-survey dataset (even if the loan applications were rejected). This means that there

is no bias in the matched registry-survey dataset against discouraged borrowers or credit constrained households.
"The EFH survey does ask households whether in the last 12 months: i) they applied for loans and were rejected,

ii) they did not apply for loans due to fear of rejection, and iii) whether they did not apply for loans because they
simply did not want to have debts. Madeira 2025 studies the household choice of lender types (banks, retail stores,
social credit, other lenders, mix of bank and non-bank-lenders), while controlling for households who choose ”"no wish

for debt” and households in ”credit constrained” status due to being rejected for loans or fear of being rejected.
12Note that the number of observations in the article correspond to different households. All the analysis is made

in terms of households, not in terms of the number of loans, since the loans of each category (mortgage, consumer
installment loans, credit cards, lines of credit) are aggregated at the level of each household. This implies that all

the results in the article are already implicitly clustered by households, since household is the unit of observation.
13The respondents’ ID disclosure rate changed over time, being much higher in the most recent survey wave of

2017. One reason could be due to changes in field methods, interviewer training, supervision and survey management
from the fieldwork companies, which changed from the Social Observatory of University Alberto Hurtado in 2011
to the Ipsos company in 2014 and 2017. Another reason could be from learning by doing. The elicitation of the
respondents’ ID was implemented through a new interview section with several sensitive questions, which was first

added in 2011. Therefore, survey companies gained experience about eliciting this sensitive information over time.
4 The survey dataset has more than 8,047 respondents that reported a correct ID. Those respondents are not a

part of the matched survey-banking registry dataset, because the registry dataset only has the persons that have
applied for or used a banking product at some point. Therefore, the actual response rate for the personal ID number
is greater than 61.4%. The researcher in this article does not know the exact response rate, because the national 1D
numbers of the survey respondents are not directly available at the Central Bank of Chile. The national ID numbers
are deposited for reasons of statistical secrecy with the National Institute of Statistics, the Social Observatory (which
implemented the EFH wave of 2011) and Ipsos (which implemented the EFH waves of 2014 and 2017). The Central
Bank of Chile only obtained a pseudo-identifier for the matched observations of the EFH-SBIF dataset and at no

point had any access to the real national IDs.
5 There are some websites online that report real IDs of people. However, the interviews of the EFH survey are



Table 1: Number of total respondents in the survey and matched survey-registry datasets

Wave Survey Survey-banking Members with survey debt Members with
registry persons around time of survey debt in both sources

2011 4,059 2,329 933 521

2014 4,502 2,362 1,132 638

2017 4,549 3,356 1,790 1,033

Total 13,110 8,047 3,855 2,192

Note: The registry data only includes persons that have ever used a loan or applied for a loan.
There are more than 8,047 persons reporting their ids in the survey, but some of those persons

may have never applied to a loan.

The registry of banking loans is considered to be a high-quality dataset. Therefore, this linked
dataset can be used to validate the self-reported survey debt values.'® It would be a serious legal
violation if banks failed to report a loan, its amount and the interest rate to the Banking Authority,
since: i) banks are obliged to report their loans to regulators for risk assessment purposes; ii) banks
are obliged to report each loan, the amount and its interest rate of each loan comply with the
usury laws in Chile (the usury interest rate differs by loan amount, therefore both the interest
rate and the loan amount must be accurately reported). This implies large fines in the short term
for uncooperative banks and possibly a future exclusion of the bank from all its legal activities
and corporate charter. Furthermore, the Banking Authority requires all banks to update their
information every month, making it unlikely that any loan errors would remain undetected and

uncorrected until January 2019, which was when the registry and survey were linked.

always held in-person and it would appear a strange behavior for someone to check a website in order to report the
real ID of someone else. Furthermore, there would be no monetary gains or social advantages of engaging in this kind

of cheating about a real ID, since households can simply decline to answer the question if they wish so.
16Note that complex surveys like the EFH (and other similar household finance surveys in other countries) ask for

a large amount of information from households, often more than 2,000 self-reported answers given by families. For
this reason, what is examined in this study, is the accuracy of the answers given. That is, each debt answer in the
sample is compared in accuracy by itself. There is no dis-regarding of the household observations or discarding of
data just because one (or more) of the answers reported by an interviewed person is seen as inaccurate in the matched
dataset. For instance, a household can report a debt value that has some discrepancy with the administrative records
and yet other values reported by the same household can be accurate. What this article does is to compare the debt
reports for different types of banking loans. Both the values with discrepancies and the values that coincide are useful

to make an assessment of the factors that may explain the differences between survey and administrative records.
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Banking products, whether for deposits, loans, insurance or other financial products, operate
in a similar way in Chile relative to advanced economies, such as the US, Canada or the EU. Chile
has 10 banks currently offering loans to households. The two major banks are Spanish (Santander,
BBVA). Scotiabank (a Canadian bank) and Itad (a Brazillian bank which purchased the Chilean
operations of Citibank, a US bank, and HSBC, a British bank) are banks of median size. Chile
does differ from more developed economies in terms of the use of non-bank debt.

The survey-banking registry matched dataset has a few limitations: i) the universe is limited to
individuals who have ever applied or used a banking product (such as a consumer loan, mortgage,
credit card, debit card or current account); ii) the monthly loan history is limited to banking
loans of different types (consumer installment loans, credit cards, lines of credit, student loans,
and mortgages) and therefore does not include loans from non-bank lenders;'” and iii) the matched
survey-banking registry data provide information on the current loan amount, the original loan
amount at the time the contract was made, the total payment due to that loan in a certain month
and whether the loan is in delinquency or not, but do not include information on renegotiation of
loans, interest rates or on other fees and costs charged.'®

Chile has a significant presence of non-bank lenders. In 2017, around 49.8% of the Chilean
households had some type of non-banking loans, with about 13.2% of the households had both
banking and non-banking debt (Madeira 2023, 2025). The largest non-bank lender in terms of
customers are retail stores. For the case of the matched survey-registry data, around 51.6% of the
households had some non-banking debt at the time of the survey. Around 41.8% of the matched

survey-registry sample had retail store debt,'® while 11.1% had union or cooperative debt?® and

"Note that this second limitation differs from the first one. If all bank customers had zero non-bank loans, then
this second limitation would not matter. However, around 51.6% of the households in the survey-registry dataset

had some form of non-banking debt.
!8The SBIF banking debt registry is not a panel data of loans. It lists all the loans of each individual in a given

month, but it is not possible to connect each loan with loans in other periods. If an individual renegotiates a loan,

then it is not possible to establish whether the new loan was the result of a renegotiation of a prior loan.
19Some companies have both retail stores and banks. Large retail companies like Falabella, Paris and Ripley

started by offering retail credit and retail credit cards in their stores. After some years, those companies expanded

towards banking businesses, which are often located next to their retail stores.
2ONote that in Chile all formal workers are registered under a labor union. Labor unions collect membership fees

directly from the members’ wages. These funds can then be used for a variety of social purposes and also for loans

to their members. Furthermore, Chile also has a significant presence of credit cooperatives, which can extend loans.
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10.6% had other types of debt (vehicle or educational loans).!

The population of the survey-banking registry linked dataset is a meaningful population, since it
is representative of the users and applicants of loans from all the banks and financial institutions in
Chile, which are 61.4% of the urban population in Chile. Furthermore, banks are extremely relevant
lenders, with banking loans for households in 2017 representing 34.5% of the GDP (with 24.4% of
the GDP in bank mortgages and 10.1% of the GDP in bank consumer loans). Note, however, that
the survey-banking registry dataset can only validate the loan reports of the respondents, since the
survey does not include the identity numbers of the other household members.??

All the software codes necessary for formatting the matched survey-registry data and replicating
the empirical analysis of this article are publicly available in a Mendeley Data link.?> The link also
includes an online appendix to this article, with extra information and analysis. In particular, the
online appendix includes information on: i) the sampling and field operations of the survey; ii)

the survey’s questionnaire, specifically the questions on debt and loans;?

iii) additional summary
statistics of the data; and iv) the results of Kolmogorov-Smirnov and Goldman-Kaplan tests of the

equality of the debt distributions in the survey and registry datasets (Goldman and Kaplan 2018).

2IThis work does not deal with non-bank debts of households. The reason is that only banking debt is part
of the records used in the matched survey-registry dataset. Therefore, it is not possible to study the accuracy of
non-bank loans. Previous research shows that some non-bank lenders, such as retail stores and social lenders (unions
or cooperatives), offer loans of smaller amounts than banks, although retail stores have more customers than banks
(Madeira 2023, 2025). However, some other non-bank lenders such as auto-lenders can make loans of sizes even larger
than the average bank loan (Madeira 2023). The study of lender type choice, credit constraints, indebtedness and
default behavior based on demographics, income, unemployment risk and aggregate factors is shown in Madeira 2023

and Madeira 2025.
22The EFH survey did some pretests in which the interviewer asked for the identity number of the respondent

and of a ”second financially relevant person in the household”, but respondents were either unaware of the identity
number of the other members or reluctant to provide it. For this reason, the matched survey-registry is limited to

the IDs of the respondents.
Zhttps://data.mendeley.com/datasets/r3xjrx9grj/1
24The manual of the banking authority’s registry dataset gives extensive definition of the variables requested from

the banks about the loans, such as the maturity of the loans in months and interest rates in annual value. The survey
data allows for households to report interest rates either in monthly or annual terms. The empirical analysis of this
article has formatted the EFH survey to follow the same loan variable definitions of the banking authority’s dataset
to provide an adequate comparison. The Central Bank of Chile has formatted the EFH survey to have versions of the

variables with definitions as close as possible to the ones used by regulators in the registry and other official sources.
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Note that this article only deals with measurement error. Sampling error in surveys can be
controlled by designing larger samples (Madeira 2019). Groves and Lyberg 2010 list five major
sources of nonsampling error: specification error, frame error, nonresponse error, measurement
error, and processing error. Nonresponse error can be separated into unit nonresponse (refusal to
answer the entire interview) or item nonresponse (refusal to answer certain questions). In the case
of the EFH survey, specification error and frame error are studied by conducting field pretests with
200 interviews in order to test the questionnaire. Furthermore, the in-person surveys are also a
well established method to reduce specification error and frame error, because the interviewers are
intensively trained for one week before the survey and the interviewers can clarify the doubts of the
participating households. The unit nonresponse is corrected using postsurvey adjustments to the
expansion factors based on statistics well estimated by other larger social surveys in Chile (Madeira
2019). Item nonresponse for loans is small, because the contract of the survey with the interviewers
considers that only interviews with demographics, debt amounts, and some of the wealth questions
are accepted. Interviews with many missing answers are rejected and unpaid by the Central Bank
of Chile to incentivize complete interviews. Processing error in the EFH survey has been improved
by using digital tablets to record interviews and giving incentives to survey operational supervisors
to check the quality of the field interviewers. This implies that measurement error is maybe the
single source of error in the EFH survey which has not been studied yet. Furthermore, the matched
survey-registry dataset is ideally suited for the analysis of the measurement error problem for the

case of banking debts.

3 Comparing self-reported information and registry

This section dives deeper into the differences between self-reported survey loans and administrative
records. Istart by comparing the survey and registry in terms of debt participation (in Table 2) and
delinquency (in Table 3). I then complete the section by comparing the cumulative distribution
function (CDF) of the debt amounts in the survey and registry. This article will study bank

loans classified in 4 products: mortgages, consumer installment loans, credit cards, credit lines.?

25Note that even if the sample was confined to just households with one loan type, there would still be substantial

discrepancies between survey and registry datasets, as shown in Table A.6 (households with one or zero loan types)
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Consumer installment loans are loans that involve repayment over several periods (installments),
which can go from a few months (for instance, purchases of clothing or small household items)
to several years (such as for payments of vehicles or expensive furniture). This consumer debt
category is typically not renewable automatically and therefore it can be contrasted with revolving
debt categories (credit cards and lines of credit). Furthermore, I define the overall category of
consumer debt, which comprises both consumer installment loans and revolving debt (credit cards,
credit lines). Note that only banking debt is considered in the analysis, since the registry does not
include non-bank lenders. This comparison is possible because the survey is careful to distinguish
each type of lender and loan product (see section 2 of the appendix). Current loan amounts are
defined as principal owed, both in survey and registry. The comparison in all the analysis of this
article considers the sum of all debts of a certain product type (mortgages, consumer installment
loans, credit cards, credit lines) at the borrower level.?6

It is possible that one of the reasons for the disparities between survey data and registry could
be a delay in how loan records are updated every month. A borrower could have a new loan that
he/she reports for the survey, but a missing record for the loan in the registry. In the same way, a
borrower could have finished paying his or her loan this month or last month and report that he/she
has no current outstanding debt, but in the administrative credit registry it may take a few days
for his or her status to be effectively without debt. For this reason I consider the closest registry
report to the survey data around a window of two months from the time of the survey report

tsurvey (tRegistry = tSurvey + K, with k =0, —1,1,—2,2).27 T also take into account a large range of

and Table A.7 (households with only one loan type) of the online appendix. Therefore, the discrepancies between

survey data and registry cannot be due to simple confusion between different bank loan types.
Z6Note that it is also more appropriate for statistical analysis to take the sum of all debts for each borrower. It

is easy to assume that debts are independent across different borrowers, but it is unlikely that debts for the same
borrower could be taken as independent observations. Furthermore, if the analysis was made at the loan level, then

borrowers with many loans would count much more than the other debtors.
2"Note that the survey and administrative records may differ because the survey can happen in a different day

of the month. Surveys are made on a single date of the month, which can include any day of the month and even
weekends or holidays. The administrative records correspond to the last business day of the month. This means that
the administrative records can record loans that were not yet taken at the time of the survey interview. There is
also the case of a borrower who has already repaid a loan and therefore reports a zero amount, but his repayment
is only processed in the following month. In this case the administrative records could still register a loan, but the

borrower would correctly report no loan. On the other hand, the survey can also include loans that are not in the
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detailed survey information, such as: whether some loans are from a different household member
(for example, a child, parent or spouse) instead of the main borrower, whether the household
could have mistaken loan from retail stores and retail banks within the same business group,?® and
whether the household could have confused a consumer installment loan meant for a house related
expense with a mortgage. For this reason, for respondents with debt in companies with joint retail

stores and retail banks, I consider the debt measurement that is closest to the registry measure.?”

administrative records. For instance, you can take a loan using online banking over the weekend and such a loan
is only registered in the following business day which corresponds already to the next month. Another example is
if the borrower repays the loan after the survey date and in this case the administrative records would show zero
loans, while the survey would correctly report a positive loan amount. All these examples imply that a window of
-1,0,41 months around the survey interview is appropriate. However, the EFH survey started already in 2007, a
time in which digital processing of loan information was poorer than today. One must also think that there is the
loan information processing by the bank and then there is the information sent by the bank to the banking authority
and the processing time lag until it is registered in the banking authority’s registry. It was only in 2019 that the
CMF forbid the registration of loan information by paper and requested only the digital information format. For this

reason, I considered a window of -2,-1,0,41,4+2 around the interview date.
28There are 3 companies in Chile that own both a retail store and a bank specialized in consumer credit. These

banks and retail stores work as separate institutions for administrative purposes, but are often located in the same
commercial branch and under a similar advertising brand name. Therefore it is possible that some borrowers confuse

loans from a bank and a retail store of the same name.
9This is done with the following algorithm for the survey banking debt amount: Yi],?f,Su'rvey =

argming, oo ke{-2,-1,0,1,2} Yi ik Registry = Yit survey|s 580 Vil survey € ( Yilt survey(NonRetailBanks),
Yiiswvey(RetailBank) + Yiisumey(NonRetailBank:s), Yiﬁ,sumey(RetailBank) +Yi§75umey(RetailStore)

+Yit survey (NonRetail Banks) ).
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Table 2: Differences between the self-reported survey data and

registry of borrower status (binary loan variable)

Debt participation Not in survey Not in survey  In survey In survey Difference

(Survey, Registry) - %  Not in registry In registry Not in registry In registry in datasets

Mortgage loan 82.0 1.6 9.3 7.0 10.9
Consumer debt 63.1 14.1 5.6 17.2 19.7
Consumer installment loan 79.4 7.7 3.9 9.1 11.6
Credit Card or Credit Line 69.9 14.5 4.2 11.4 18.7
Credit Card 72.1 13.9 3.9 10.1 17.8

Credit Line 88.5 5.4 2.2 4.0 7.6

Number of observations: 8,047 households (all the rows sum up to 8,047 observations of

respondents with or without positive debt).

Table 2 summarizes the difference in debt participation (a binary variable of 1 for whether
the household has a positive loan amount in one dataset) in the matched survey-banking registry
dataset. Each pair of binary variables corresponds to whether both datasets coincide in terms of
no debt (Survey=0, Registry=0), whether the reports diverge because only the registry reports
a loan (Survey=0, Registry=1), whether the divergence happens because only the survey data
reports a loan (Survey=1, Registry=0), or whether both datasets coincide in terms of positive loan
amounts (Survey=1, Registry=1). Table A.1 in the appendix shows that the Kolmogorov-Smirnov
and Goldman-Kaplan tests do not reject the equality of debt participation binary reports in both

datasets across any debt type (mortgage, consumer debt, installment loan, credit card, credit line).

Table 3: Differences between the self-reported survey data and

registry of default status (binary variable of arrears of 1 month or more)

Default No default in survey Default only Default only Default in  Difference
(Survey, Registry) - %  No default in registry in registry  in survey both datasets in datasets

All loans (including loans reported in one dataset only)

Mortgage loan 97.7 0 0.8 1.5 0.8
Consumer installment loan 84.1 0.2 7.2 8.5 7.4
Including just the sample of borrowers with same debt participation in both datasets
Mortgage loan 96.3 0 0 3.7 0
Consumer installment loan 87.2 0.2 0.3 12.2 0.6

Number of observations: 8,047 households (all the rows sum up to 8,047 observations of

respondents with or without positive debt).
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I also report whether the loans are in default or not in the survey data and registry. I take
as default whether the household fulfills one or more of these criteria: it has payments in arrears
for 1 month or more, a positive loan amount in arrears or a positive non-performing loan amount.
Table 3 reports how much the households diverge in terms of their default reports. I first report
the default debt status considering all reports (including reports of a zero loan amount which is
treated as a zero default as well). The survey data reports several more loan delinquencies than the
registry. However, once I consider only the borrowers in which their debt status (positive amount
or not) coincide in both the survey data and registry, then the default reports are almost exactly
the same in both datasets. Therefore, it appears that the survey differs from the registry only
in terms of the loan amount reports, but households report accurately their delinquency status.
There is a significant fraction of households reporting default only in the survey for consumer
installment loans, around 7.2% of the sample. However, this fraction is reduced to just 0.3% when
the analysis includes just the sample of borrowers with debt participation in both survey and the
registry. Therefore, the explanation is that borrowers in the survey are reporting default for loans
not in the banking registry. Perhaps this is due to confusion on whether the lender is a bank (many
corporations own banks and retail store lenders with a very similar corporate brand name) or due
to reporting another household member’s loan as if it is under their responsibility.

Now I show the CDFs of the debt amount in UF of the borrowers’ survey self-reported debt
and their debts in the banking registry. To avoid a large mass point at zero due to a significant
fraction of borrowers with zero debt, this analysis only includes borrowers that have positive debt

amounts in the survey or registry. Furthermore, all debt amounts are converted to UF.3°

30UF is a real monetary unit in Chile, which is updated daily according to the official consumer price inflation
(CPI) index in the previous month. This real monetary unit is often used for long-term contracts, such as mortgages

and large consumer loans. One UF was roughly equivalent to 40 USD during the sample period of 2013 to 2019.
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Figure 1: CDFs of the original mortgage and consumer debt amounts in the survey and registry
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Figure 1 shows the CDFs for the total mortgage and total consumer banking loans of the
matched survey-registry borrowers. In the case of mortgages, there is a fairly close match of the
debt distribution in the survey and registry until around 1,500 UF (which is roughly the percentile 50
for both survey and registry). The survey and registry mortgage distributions then diverge, before
approaching again between percentiles 70 to 85 and between percentiles 95 to 100. Afterwards, the
survey data is much more detailed for mortgage amounts above the percentile 90. Therefore, the
survey includes more high-value mortgages than the registry. For the total consumer debt amount,
the differences between survey and registry are quite large. The survey and registry CDFs depart
after the percentile 18, showing a coincidence only for small consumer loans. Unlike for mortgages,

for consumer loans the registry is much more complete in the inclusion of larger debts.
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Figure 2: CDFs of the original consumer installment loans and revolving debt instruments (credit

cards and lines of credit) in the survey and registry
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Now I compare the consumer debt distribution for the categories of installment and revolving
debt instruments (i.e., the sum of debt in credit cards and lines of credit). It is relevant to note
that it is expected that the survey data is less complete for revolving debt.3! However, the survey
respondents may still report some revolving debt if they expect that the repayment of that debt
will last longer than one month. Figure 2 shows that the distribution of revolving debt (card plus
line) is quite similar for survey and registry across all percentiles. Therefore, revolving debt seems
to be well reported in both survey and registry. Installment loans, except for small debt values, are

fairly different between survey and registry, departing after percentile 15.

31The respondents are asked not to report debt that is due to transactions from credit cards and lines of credit as
a means of payment (rather than intentional loans with maturities longer than one month). Note that loans that are
meant to be repaid in the current month are still reported in the survey, as long as those loans had original maturities

longer than one month or if those are intentional loan contracts with a one month maturity.
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Figure 3: CDFs of the debt amounts for credit cards and lines of credit in the survey and registry
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I then show the differences between survey and registry for credit cards and lines of credit.
Figure 3 shows that the survey and registry distributions are almost the same for credit cards.
However, borrowers report higher amounts for lines of credit in the survey dataset. This makes
sense, because lines of credit are an expensive form of revolving debt. Therefore, borrowers are
likely to repay their line of credit before the amount is recorded in the registry at the end of the
month. Table A.2 shows that both the Kolmogorov-Smirnov and the Goldman-Kaplan tests reject
that survey and registry data are similar in the continuous debt distributions of all types of loans

(mortgages, installment loans, credit cards, lines of credit) even at the 1% level.
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Figure 4: CDFs of the original loan maturities for mortgages and consumer installment loans in

the survey and registry
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Finally, I compare the distributions of loan maturity in the survey and registry. Figure 4 shows
that maturities for mortgages are quite similar in the survey and registry datasets. Maturities for
mortgages in the survey data, however, have a substantial rounding for 20, 25 and 30 years (i.e.,
240, 300 and 360 months). Maturities reported for installment loans differ substantially between
survey and registry, with the registry showing significantly longer loan horizons. For installment
loans, survey and registry only coincide for the percentiles below 10 and above 90. Again, it is
noticeable that the survey respondents tend to round their self-reported maturities, since there are
mass points around 24, 36 and 48 months (i.e., 2, 3 and 4 years). Table A.3 shows that both the
original and residual maturities are rejected to be similar in survey and registry datasets, whether

for mortgages or consumer installment loans, even at the 1% statistical significance level.
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4 Discrepancies in loan amounts and maturities

4.1 Continuous measure of discrepancy between registry and survey data

I now summarize the discrepancies in terms of continuous loan amounts. For this I use a continuous

measure of error, defined as the ratio of the difference between both reports (with variables

R

R . . . . .
Yt Registry and Y, representing the continuous loan outcomes of borrower ¢ at time ¢ in

i,t,Survey

the survey and registry reports) divided by their mean value:

R _ YR
. i,t,Registry i,t,Survey
(1) error ratiojt = ——x 7 .
()/i,t,Registry + }/’i,t,Survey)/Q

This ratio has two advantages. The first advantage is that by using both registry and survey
measurements in the denominator, then small debt values from either source are prevented from
influencing the error measure towards extremely large values. This measure is by definition bounded
between -2 and 2 (or equivalently, -200 to 200%) and it can include cases in which one of the data
reports a zero outcome. The second aspect is that by being bounded, then this error ratio measure
does not have a few large values influencing the statistical analysis. Therefore the error ratio;;
has become the most standard way of measuring differences between two datasets (Toérnqvist,
Vartia and Vartia 1985). Furthermore, this specification of the error ratio uses the average between
registry and survey in the denominator. This prevents measurement error from either source to
lead to unbounded errors and provides robustness to the empirical analysis (Davis et al. 2012).

There can be disparities between the month in which the registry dataset is updated and the date

3233

of the survey report; therefore, I take the closest value of YiR in a two-month window:

,t,Registry

R _ . : . _yR
(2) Yii Registry = At8MiNg, 0 ke(-2,-1,01,2) | YitthRegistry = Yiy survey|-

32Note that the algorithm is only testing which is the minimum amount of difference between the periods -k to
+k. This minimum amount can have several solutions (argmin solutions to the minimization problem), as the same
loan can be reported across several periods. However, it is not necessary to report which is the argmin period that
is providing the solution (as this can lead to multiple possible periods). The exercise is only reporting which is the

best outcome for the minimum discrepancy (independent of whether there is a single solution or multiple solutions).
33Grace periods and loan restructuring are not part of the banking registry. The banking registry is a panel of

borrowers and their banking debts, but it is not a panel of loans since there are no identifiers for loan contracts.
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Table 4 summarizes the discrepancies between survey and administrative reports at the borrower
level, showing the percentiles 10, 25, 50, 75 and 90 of the error ratio;; for different debt types and
loan characteristics (debt amount of the original loan contract, debt service, original maturity of
the loan, and residual maturity of the future debt payments). The results show that differences
between survey and administrative reports can be substantial, even if one considers the median
measurement error. The median measurement error for debt amounts is fairly low for mortgages,
credit lines and credit cards. Also, the median measurement error is fairly low for the maturities
of both mortgage and installment loans, representing accurate reporting.

The discrepancies of the self-reported debt amounts for the total sum of consumer debt, the
installment loans’ original debt amount and the mortgage debt service are above 10%, even for
the median error. Yet even if one discards the worst reports (those with percentiles 10 and 90, or
more extreme values) there are still reasonable discrepancies around the middle of the distribution,
with the percentiles 25 to 75 going from a range of -31% to 18% and between -0.7% to 59.3%
for mortgage and installment loan amounts, respectively. The self-reported original and residual
mortgage maturity and original installment loan maturity are fairly accurate, with the percentiles
25 to 75 being in the ranges of [—1.3%,4.1%], [-13%, 15.4%] and [0.0%, 30.6%], respectively.

The median error ratio in Table 4 shows that mortgage loan amounts tend to be higher in the
survey than in the registry, although by a small margin of -2.8%. This could be due to interviewed
persons perhaps adding banking fees such as insurance or other loans taken at the same timing of
the mortgage in their mental accounting of the total mortgage amount. The median error ratio for
consumer debt shows that the survey self reported amounts tend to be smaller than the registry,
with median values of 15.8%, 11% and 1.9% for, respectively, overall consumer debt, consumer
installment loans and credit cards plus lines of credit. This could be due to consumers rounding
lower the values of loans (for instance, reporting values of 1 million pesos for loans above 1 million,
such as 1.2 million). However, there is a huge dispersion of the error ratios across each loan category.
Across any debt category (mortgages, consumer debt and its sub-categories), there are at least 25%
of interviewed persons that report lower amounts in the survey relative to the registry (since all
the percentiles 75 for the loan amounts are positive). In a similar way, across any debt category,
there are at least 25% of interviewed persons that report higher amounts in the survey relative to

the registry (since all the percentiles 25 for the loan amounts are negative).
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Also notable in Table 4 is the correlation coefficients between Yff Registry and YZ}E Survey- The

correlation coefficients are all positive with values between 40% to 70% for the debt amounts across

34 The correlation coefficients for the installment loan and mortgage debt

different loan types.
service are 66% and 79%, respectively. There is also strong correlation of 59% and 67% for the
residual and the original mortgage maturity. These high correlation coefficients say that the survey
self-reported data can be understood as a strong signal of the real value of the loan and its maturity.
Therefore, even if the survey data is not exactly accurate, it is possible for researchers to use it as
a valuable source of information, albeit one that suffers from measurement error (Schennach 2016).
The maturity of installment loans has a lower correlation between survey self-reports and registry,
but the correlation is still positive. Note that for this table the original debt amount and original
maturity are directly available from the survey dataset. However, the residual debt amount, the
residual maturity and the debt service must be computed from the reported information about the
debt/maturity of the loan, the date of the loan contract relative to the interview and the reported

interest rate for the loan. Since the reported interest rate is often missing, these variables often use

the average interest rate for each loan category and debt amount range as an imputation.

34Table 4 is providing descriptive statistics of the percentiles of the distribution for the error report ratios between
survey and registry of the borrowers’ debts. The percentile numbers belong to specific borrowers, but the borrowers
are not necessarily the same across different debt categories. The reason is that the set of people with mortgages is
different from the set with consumer installment loans or the set of borrowers with lines of credit. Therefore, the
median for the mortgage borrowers is different than the median borrower for consumer debt and its sub-categories
(installment loans, credit cards and lines of credit). Therefore, a simple explanation for why the median error for
mortgages differs from the median of consumer debt and its sub-categories is that those numbers represent different
people. In the online appendix, I estimate selection equations which relates how different demographic characteristics
(income, age, education, gender) explain whether certain households are in the group of people with a certain type

of debt both in the survey and in the registry, and therefore why different households are in each debt category.
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Table 4: Summary of the discrepancies between the registry and

the survey loan reports: percentiles and linear correlation coefficients

error ratio; s (%) P10 P25 P50 P75 P90 py (Registry,Survey)
Mortgage original debt amount -67.9 -31.0 -2.8 18.1 76.2 69.9
Consumer debt original amount -97.6 -13.7 15.8 70.3 138.1 53.3
Installment Loan original debt amount -48.3 -0.7 11.0 59.3 110.7 68.5
Credit Lines and Cards’ debt amount -131.6 -43.3 1.9 45.6 94.4 51.5
Credit Cards’ debt amount -123.9 -23.9 3.0 46.2 94.9 39.8
Credit Lines’ debt amount -163.5 -102.2 -8.4 11.5 47.0 47.7
Mortgage debt service -66.5 -37.0 -16.4 -6.4 12.2 79.3
Original mortgage maturity -28.0 -1.3 14 4.1 2438 66.6
Residual mortgage maturity -38.3 -13.0 -0.5 15.4 41.8 58.5
Installment Loan debt service -42.9 -9.8 8.1 25.0 65.5 66.4
Original maturity of installment loans -25.9 0.0 5.4 30.6 70.3 23.7
Residual maturity of installment loans -74.3 -28.6 -2.8 45.2 82.9 19.0

Figure 5 shows the differences between survey and registry, as given by the error ratio; ;. The
distribution probability of errors for either the debt amount or the maturity are centered close to
zero, with the probability of large errors falling significantly for values further away from zero. For
the debt amount, the main type of error is the mis-reporting of debt participation. In the case
of installment loans, the most common error is for a borrower not reporting a bank debt that is
registered in the administrative system. For mortgages, borrowers often report debts in the survey
that do not appear in the banking system. This is possibly because those mortgages were contracted
with non-bank lenders. The mis-reporting of the continuous debt amounts in installment loans is
more balanced towards borrowers reporting lower amounts in the survey. For mortgages, survey

respondents tend to report larger amounts than they really have in the administrative system.
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Figure 5: Probability density distribution of the differences between the matched
survey-administrative records and the survey for mortgage and consumer installment loans: original

debt amounts and loan maturities
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The misreporting of maturities differs qualitatively and quantitatively from the debt amounts.
Again, in the case of installment loans the most common error is for a borrower not reporting a
banking debt that is actually registered in the administrative system. For mortgages the borrowers
often report mortgages in the survey that do not exist in the banking system. However, in terms
of the continuous error distribution, it is easy to observe that the reporting of maturities is much
more accurate than for the loan amounts and the errors for maturities are quite tightly centered
around zero. Figure 5, therefore, confirms that the reporting of loan maturities in the survey is

quite precise. The main survey errors are mis-reporting of debt participation.

4.2 Exercise with a rounding version of the administrative records

One reason for the discrepancies can be due to rounding self-reports in the survey. For instance,
the respondent may answer 1.5 million pesos as his or her loan value instead of answering 1,647,150
pesos. This could lead to substantial measurement error, although the survey responses can be an
approximation of truthful reports. For this reason I compare the survey self-reports with a rounded

version of the registry by estimating the rounded discrepancy ratio (error ratio; ;) using:

s.to.

R — i % . _ VR . ) _ YR
3) Y;,t,Registry = arg mln}g,t’RegiS”yeﬂOxZ} Y;,t,Regzstry Y;,t,Survey Y;,t,Regzstry Y;,t,Registry <

(
% i?,Registry'

This rounding function takes the closest rounded value in terms of a number that is an integer
multiple of 10 (Z denotes the set of integer numbers, therefore 10 x Z denotes the set of integers
multiples of 10), but with a rounding error less than one fourth of the original value: this means
that 800,000 can be rounded to 1,000,000 but not to 500,000.%° Note that rounding above 25% of
the original value is not allowed. Therefore, 651,000 can be rounded to 500,000 but 667,000 can
no longer be rounded to 500,000. The algorithm chooses the amount of rounding that fits best

with the survey report, as long as the rounding is below 25% of the amount. However, in most

35Some literature, such as Lusardi and Tufano 2015, suggests that borrowers underestimate their debts. However,
this algorithm assigns the rounding to the closest value between survey and administrative records. Therefore, it

accounts for interviewed persons rounding their answers either below or above the true values.
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cases the best amount of rounding is achieved with much lower values than 25%. Therefore the
same rounding is not appropriate for all loans and this is why the algorithm searches for the best
rounding in a range that is proportional to the value of the loan.36

Note this exercise is not meant to find the exact amount of rounding that the respondents are
using. The algorithm allows to fit each observation and in this aspect it differs from EM algorithms
(which fit parameters of a parametric distribution rather than each observation). The exercise is
meant for illustrative purposes, in which an algorithm that allows small, medium and even large
amounts of rounding is able to account for some of the differences between registry and survey.
However, even after allowing for large amounts of rounding, the exercise still fails to explain most
of the differences between registry and survey. Rounding can be an explanation for some of the
differences, but it cannot explain the majority of the discrepancies between registry and survey.

Table 5 summarizes the differences between the rounded registry and the survey reports. As
expected, the range of the percentiles 25 and 75 for the error ratio; ; show discrepancies of much
smaller magnitude, with this range falling to just [—22%,7%] and [0%, 50%)] for mortgages and
installment loan debt amounts, respectively. Also, after rounding more than 50% of the original
mortgage maturity observations could be fully explained with zero discrepancies relative to the
registry. More than 50% of the observations for installment loan maturities have less than 28.6%
discrepancy between survey and registry. This means that a simple error in which respondents
round their answers to a multiple of 10 can go a long way towards explaining the discrepancies in
the survey data. Therefore, survey answers can be usefully interpreted as an approximate version of
the real indebtedness of the borrowers. However, rounding does not reduce much the discrepancies
in terms of the survey reports of debt amounts in credit cards and credit lines. This makes sense,
since the survey interview asks only for credit card and credit line loans that are meant to be paid
in periods longer than one month. Since most debt in credit cards and credit lines is revolving debt

that is paid every month, survey data can differ substantially from the registry.

36For instance, in the last few years the value of the Chilean currency has traded close to 1,000 pesos per USD.
Therefore, a rounding of around 100,000 pesos could be a very large rounding error in terms of reporting a small
credit card debt. However, in terms of reporting a mortgage, a rounding error of 100,000 pesos could be extremely
accurate and even errors 10 times above that would still be considered accurate (say, the difference between reporting

an amount of 301,000 USD as if it were 300,000 USD).
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Table 5: Discrepancies between the registry and the survey loan reports

(percentiles and linear correlation coefficients): after "rounding” the registry

error ratio; ; (%) P10 P25 P50 P75 P90 py(Registry,Survey)
Mortgage original debt amount -60.9 -22.2 0.0 7.0 61.0 76.0
Consumer debt original amount -87.6 -2.8 4.7 59.7 133.3 58.4
Installment Loan original debt amount -33.3 0.0 0.0 50.0 103.0 72.4
Credit Lines and Cards’ debt amount -122.3 -33.3 0.0 28.6 85.7 56.7
Credit Cards’ debt amount -117.4 -15.4 0.0 35.3 85.7 43.1
Credit Lines’ debt amount -160.0 -85.7 0.0 0.0 35.3 51.8
Mortgage debt service -58.4 -27.2 -6.5 0.0 4.5 81.7
Original mortgage maturity -22.2 0.0 0.0 0.0 22.2 69.4
Residual mortgage maturity -314 -9.5 0.0 11.8 38.9 71.1
Installment Loan debt service -31.2 -3.9 0.0 14.3 53.2 72.8
Original maturity of installment loans -4.7 0.0 0.0 28.6 66.7 30.7
Residual maturity of installment loans -66.7 -18.2 0.0 40.0 66.7 23.9

Table 6 shows that most of the observations require no rounding. The reason for this lack of
rounding is because the original loans are already a round number. Furthermore, Table 6 shows
that even the most extreme percentiles of rounding (percentiles 75 or 90) imply a small amount of

rounding, just 16.4% or less of the loan amount.

Table 6: Percentage of rounding of the registry values required
for the best possible match in the algorithm (percentiles of distribution)
Rounding required as fraction of the original amount (%) P10 P25 P50 P75 P90

Mortgage original debt amount 0.0 0.0 0.1 8.2 14.6
Consumer debt original amount 0.0 0.0 0.7 94 164
Installment Loan original debt amount 0.0 0.0 0.3 7.8 14.5
Credit Lines and Cards’ debt amount 0.0 0.0 0.0 6.9 15.5
Credit Cards’ debt amount 0.0 0.0 0.0 6.0 14.2
Credit Lines’ debt amount 0.0 0.0 0.0 4.6 14.9
Original mortgage maturity 0.0 0.0 0.0 1.6 3.2
Original maturity of installment loans 0.0 0.0 0.0 4.0 111

I also analyzed whether excluding a few outliers can help explain the discrepancies between
survey data and registry. The motivation for testing outliers is different than for rounding. Rounded

numbers can happen through the entire distribution, whether the loan amounts are small (10,000
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pesos), medium (100,000 pesos or 1,000,000 pesos) or large (say, 10 million or 100 million pesos).
Outliers, however, can happen sometimes through mistakes, such as an interviewer typing one extra
zero or one zero less by mistake. Outliers can also happen by other motives, such as an interviewed
person deliberately being uncooperative and giving unthoughtful answers. The percentiles 5 and 95
are used, because these are the most standard choices in outlier statistics. The appendix presents
a truncated analysis by discarding the values of the error ratio;; at given extremes, with different
options: i) below the percentile 5 and above percentile 95, ii) below percentile 2.5 and above 97.5,
iii) below percentile 1 and above 99. This analysis is in the online appendix, since it does not
change the results substantially. The results show that discarding outliers reduces the measured

discrepancies by a minimal amount relative to the analysis in Table 4.

5 Explaining discrepancies

I now test other possible explanations for the differences between survey and registry. One hypothesis
is that the borrower reports as his or her own some loans that actually belong to another household
member, such as a spouse or parent that signed the mortgage. This is more likely to happen in
households with more members, especially if there is more than one member of high income and
with access to banking loans (Brown et al. 2015). I test this hypothesis by looking at the percentage
of borrowers that are not the highest-income member or the oldest member across different loan
types, comparing the results if a positive loan is reported in both datasets versus if a loan is reported
in the survey only. The highest income members are defined in the following way: Y; ; = max; Y, ;,
with j denoting any member of the household and k denoting the interviewed member. This allows
to define a dummy variable for borrowers who are not among the highest-income members of the
household: Dummy for borrower that is not highest-income member; = 1(Y; ;, < max;Yj ;).

Table 7 shows that borrowers with reported loans in the survey but not in the registry are much
more likely not to be the highest-income or oldest member in the household. Also, some households
may have more than one member that is the highest-income member of the household. This can
happen in cases where, due to rounding, both members of a couple report the same income value,

such as one million pesos. Table 7 shows that borrowers with reported loans only for the survey
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have more cases of households with multiple members of the highest-income. The average number

of highest-income members is 1.4 for households that only report loans in the survey.

Table 7: Borrowers that report bank loans in the survey, but have no loans in the registry

% of borrowers who are not % of borrowers who are
the highest-income member not the oldest member
Loan participation (Survey, Registry) Loan in Loan in both Loan in Loan in both
survey only datasets survey only datasets

Mortgage loan 354 10.6 49.4 29.2
Consumer debt 31.9 14.6 39.4 31.1
Installment Loan 16.8 14.6 35.6 33.0
Credit Lines and Cards 30.5 16.9 51.6 30.1
Credit Cards 25.6 18.7 53.7 32.7
Credit Lines 25.5 17.2 36.9 20.0

Number of household members with the highest-income (average):
Loan participation (Survey, Registry) Loan participation only in survey Loan participation in both datasets
Mortgage loan 1.42 1.20
Installment loan 1.41 1.36

Table 8 tests the same hypotheses in a multivariate logit regression for the event of borrowers
reporting a mortgage or installment loan only for the survey. I also test whether households could
confuse a mortgage with an installment loan: for instance, the borrower takes a loan for repairs in
the house, but it is classified as a consumer installment loan and not as a mortgage.?” Therefore,
the regressions add a control for whether the borrower has another loan that is actually reported
in the registry. The regressions support all these hypotheses for mortgage reports. For the case of
installment loans only the additional control variable of allowing the borrower to confuse loans is
significant. Finally, the regressions also control for the age and education of the respondents, which

can be seen as proxies for financial literacy (Madeira and Margaretic 2022).

3"Note that the variable ”Dummy for another installment or mortgage loan in registry” does not imply that
there is a fully deterministic process in which borrowers confuse loans automatically. The control is applied for
testing whether there is a statistical association in which some borrowers could confuse loans of different categories
as mortgages. But this relationship is by no means fully deterministic or guaranteed, since in such case the coefficient

for the control would be infinite and the logit model would not be estimated.
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Table 8: Loan reported in the survey, but not in the registry (logit)
Logit: Loan reported in Survey = Mortgage loans Installment loans
but unreported in Registry = Model 1 Model 2 Model 1 Model 2
Dummy for borrower that — 1.042*** 1.027***  0.0484 -0.0638
is not highest-income member; (0.187)  (0.140)  (0.275)  (0.209)
Number of household members 0.527*%%* (0.544***  0.0316  -0.0259
with the highest-income; ~ (0.151)  (0.110)  (0.162)  (0.124)
Dummy for borrower that 0.343%F  (0.443%FF  0.0847  -0.143
is not the oldest member; (0.159)  (0.119)  (0.215)  (0.159)
Dummy for another installment -1.215*** -1.330%** -1.099*** -1.590***
or mortgage loan in registry;  (0.170)  (0.127)  (0.370)  (0.255)

Age (years) 0.000201 -0.00566
(0.00483) (0.00564)
Education (years) -0.0934*+* -0.234*#*
(0.0274) (0.0409)
Constant -0.619%**  0.611  -0.769%** 2.819***
(0.211)  (0.480)  (0.235)  (0.688)
Number of Observations 1,627 1,627 1,063 1,063
Pseudo R-squared 0.142 0.148 0.026 0.088

Robust standard errors in ().
Xk

, FFFHREstatistical significance at the 10%, 5% and 1%, respectively.

Finally, in Table 9 I test whether the same controls can explain the dispersion in the continuous
discrepancy ratio for the debt amounts of each loan type. This shows that higher discrepancies in
mortgages and credit cards are associated with borrowers who are not the highest-income member
of their family. The results are robust to including or not demographic controls such as age and
education, as shown in the appendix. Table 9 shows that education (a proxy for financial literacy)
reduces the discrepancy of the loan amounts reported for credit cards or lines of credit. Age

increases the discrepancy of the loan amounts reported for consumer installment loans.
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Table 9: Linear regressions (OLS) of the error ratio;; for the debt amounts

of borrowers with positive loans in both survey and registry

Variables Mortgage Consumer Installment Card  Credit Credit

debt loan or line Card Line

Dummy: borrower not 19.46***  6.905 8.360  10.91** 17.09*** 0.365
highest-income member; (7.363)  (4.303) (5.546)  (4.896) (5.087) (10.27)
Nr of members with 3.660 1.891 -0.222 5.066  2.763  3.914
the highest-income;  (4.683)  (2.785) (3.426)  (3.402) (3.565) (7.190)
Dummy: borrower not -7.228 0.945 4.048 2.819 6.219 11.14
the oldest member;  (4.866) (3.320)  (4.078)  (3.756) (3.905) (7.451)

Age (years) 0.337 0.0717  0.300**  0.0294 0.00305 -0.316
(0.216)  (0.116) (0.147)  (0.132) (0.137) (0.271)

Education (years) -1.548 1.101 0.251  -1.477* -1.151 -2.339
(1.044)  (0.723) (0.881)  (0.829) (0.861) (1.644)
Constant 47.38%*  43.19%**  30.24%  T1.65%F* 63.90*** 107.2%H*
(20.18)  (13.19) (16.36)  (14.86) (15.38) (29.68)

Observations 427 1,491 740 1,061 940 370
R-squared 0.037 0.004 0.011 0.017 0.028 0.021

Robust standard errors in ().

* Rk CRRXgtatistical significance at the 10%, 5% and 1%, respectively.

6 Implications for the analysis of debt amounts and debt risk

This section analyzes the aggregate implications of survey misreporting and the advantages of
the matched administrative-survey dataset for the analysis of banking debt amounts and risk
in Chile. Household finance surveys are used for the analysis of debt risk and household stress
tests (Eurosystem Household Finance and Consumption Network 2009). This section shows how
mismeasurement of borrower debt affects the evaluation of debt service to income ratios. The use

of debt service to income ratios is widespread across many countries, being one element used by

regulators to assess the risk and provisions of loans (Tiongson et al. 2010).
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Table 10 shows that aggregate measures of bank debt in the survey and registry are quite
similar, with a difference of 8.8%. However, there are large differences between mortgage and
consumer debt, with a respective difference of 21.7% and 25.9% between both datasets. Consumer
debt has no collateral and is subject to rollover risk due to its short maturity, which is riskier. The
registry has a much larger amount of consumer debt, while showing lower mortgage debt. This is

an indicator of a riskier banking system in relation to a pure survey analysis.

Table 10: Aggregate banking debt amounts in the registry and

the survey datasets (in thousands of millions of pesos™)

Survey Registry Difference (in %)

Total bank debt 45,885 42,029 -8.8
Bank mortgage debt 35,490 28,547 -21.7
Bank consumer debt 10,394 13,482 25.9

* Note: In 2024, one USD is roughly equivalent to 950 pesos. Therefore, a thousand of million

pesos is roughly similar to a million of US dollars.

The use of debt-service-to-income ratios is widespread across many countries, being one element
used by regulators to assess the risk and provisions of loans (Tiongson et al. 2010). An international
comparison of macroprudential policy frameworks with IMF data (Alam et al. 2019) shows that 55
countries (in a total sample of 135 countries) have some sort of debt-service-to-income regulation. A
standard rule of thumb used by banks and regulators is that borrowers with debt-service-to-income
ratios above 40% are considered risky. Table 11 shows the differences between the survey-banking
registry and the survey borrowers’ analysis of risk status. Around 7.2% of bank borrowers are
considered to be risky in the matched survey-banking registry. However, 20.1% of borrowers
are evaluated as risky in the registry, but not in the survey. The matched administrative and
survey dataset, therefore, helps to obtain a more precise image of the risks in the banking system.
Around 4.6% of borrowers are classified as risky according to the survey, but not in the registry.
This discrepancy is smaller than the previous one. Therefore, in total the survey reports 11.8%
of borrowers at risk, while the registry would report 27.3%. This confirms that surveys may
underestimate household debt risks. Table 11 shows that the matched survey-registry provides an

estimate of 31.9% of borrowers at risk, which is higher than either survey or registry alone.

34



Table 11: Fractions of borrowers (in %) considered to be at risk

Debt risk Not in survey In survey  Not in survey In survey
(Survey, Registry)  Not in registry Not in registry In registry In registry
68.1 4.6 20.1 7.2
Debt risk in each source In survey In registry
All borrowers 11.8 27.3

This implies that stress tests of banking risk could be improved by using registry and survey
data jointly. For instance, Madeira 2018b shows that the EFH survey can be used to calibrate a
structural model with heterogeneous households deciding to default based on their liquid assets,
shocks to wages and unemployment spells. Such stress test models can be enhanced by using the
matched information of survey-registry. Without a matched survey-registry dataset, it is possible

that stress tests may underestimate the overall risk of the banking household debt portfolios.

7 Conclusions

Financial information in surveys differs from aggregates in administrative sources. This article
advances on the literature by looking at a match of individual borrowers from the Chilean Household
Finance Survey (EFH) with the registry of banking loans. This match of individual borrowers survey
reports and their registry loan records so far has not been implemented in the previous literature for
household debt. This adds value to previous literature on measurement error of household income,
unemployment and participation in social programs (Meyer et al. 2015, Meyer and Mittag 2021).

This unique matched dataset allows to study the distribution of differences between the datasets:
whether the data differ in terms of the number of borrowers, whether borrowers understate debts
and the degree of heterogeneity in the discrepancies. While there are substantial differences in the
reports of loan participation, reports of loan delinquency are broadly accurate. The discrepancy
between survey and registry in terms of debt participation (a binary indicator of an interviewed
borrower having debt) ranges from just 7.6% for lines of credit to 11.6% for consumer installment
loans, 17.8% for credit cards and 10.9% for mortgages. For the binary indicator of whether a

borrower is in delinquent (in arrears for 1 month or more), the discrepancy between datasets is
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0.8% for mortgages and 7.4% for consumer installment loans (although the numbers fall to 0% and
0.6% if considering just the respondents with positive debt participation in both datasets).

There is substantial heterogeneity in the survey-registry discrepancies of individual borrowers,
especially for consumer loans. Some of these discrepancies can be explained by rounding errors, in
which survey respondents reply with values that are multiples of 10.

Another interesting finding is that the loans that are reported in one dataset but not in the
other tend to be much smaller than the median, especially in the case of credit cards and lines of
credit. Finally, I find that mis-reporting of loans in the survey is strongly associated with households
that are complex in the sense that they have several members with the same high income level.
Therefore, mis-reporting could be due to loans that are unknown to the interviewee. Discrepancies
between survey and registry are also associated with borrowers who are not the highest-income or
the oldest member of the family. These borrowers could report in the survey certain loans that
they took but which were in fact signed by the spouse, parent or another family member.

This study shows that survey self-reported debt may underestimated the true indebtedness and
financial risks. However, future researchers may take some clues from the findings of this article.
Indebtedness levels are more likely to have measurement error for complex households, families
with many members earning equal shares of total income, and households in which the interviewed
person is not the highest earning or oldest member. Therefore, analysts of financial risks and stress
tests could decide to implement separate analysis for one person households, simpler households
with a single earning member, and for complex households with several members. Analysts may also
consider in stress tests that survey reports can be rounded and consider slightly higher amounts as
a robustness check in those cases. Furthermore, stress tests may study the risk of all debts together
in case some borrowers confuse mortgages and installment loans.

Household finance surveys are increasingly important in the analysis of borrowers’ behaviors
such as delinquency or credit exclusion. Note that surveys may also have significant advantages
relative to credit registries, although these advantages may be more difficult to quantify. For
instance, the debts that are reported by the interviewed persons may be considered to be the
commitments of highest concern for the household. Another example is that while registries can
attribute more correctly the legal responsibility of each loan, it is possible that other members of

the household also view those loans as being relevant for their overall finances. Surveys also help to
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measure expectations and attitudes towards risk, which are not captured by administrative records.

These are aspects where surveys possibly improve upon pure registry information.

Further research on the strengths and shortcomings of survey financial data is thus warranted.

One issue is the measurement of assets, since debt is only one component of wealth (Zinman 2009).

Furthermore, the measurement of wealth is probably even more sensitive for interviewed persons.

Future studies of household finance may improve their reliability of asset measurement.
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Abstract

This is an online appendix to the article. Section 1 explains the sampling and field operations
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1 Sampling and operations of the Household Finance Survey

For this study I use the national waves of the EFH 2011, 2014 and 2017, which covered 13,110
urban households.! Each survey sample was collected over roughly an entire calendar year, with the
EFH 2011 being collected between July 2011 and May 2012, while the EFH 2014 was collected
between July 2014 and March 2015, and the EFH 2017 was collected between June and December
2017. However, for simplicity the survey waves are labelled as EFH 2011 and 2014, which
corresponds to the year in which the largest portion of their respective samples was collected. Each
sampled household had one member who was selected for the interview, with this member being
the household person with the greatest knowledge of the family finances or the highest income. The
survey, however, elicits demographic, net wealth, asset, debt and income information for all the
household members. The sample selection of the survey was based on an exhaustive list of homes
from the Chile Internal Tax Service and is therefore representative of the national urban population
after expansion factors are applied to each unit (Madeira 2018b).?

The survey questionnaire is very close to the Household Finance Consumption Survey imple-
mented by the national central banks in Europe and coordinated by the European Central Bank
(ECB), with the Central Bank of Chile having also participated in several meetings of the ECB’s
network. The first wave of the EFH at a national level was implemented in 2007. The first EFH
questionnaire was largely based on the Spanish Household Finance Survey (which started in 2002)

and is, therefore, quite similar to the European household finance surveys. Furthermore, between

IThere were EFH waves in 2007, 2008, 2009 and 2010. However, the survey provider in these waves did not record
the month of the interview due to privacy and anonimity concerns. Therefore these previous waves cannot be used to
test whether self-reported loans in the survey are similar or not to the administrative records in the same monthly period
or within a window of one or two months.

2Note that the list of homes of the Chilean Internal Tax Service includes all homes in Chile (all homes have a
taxable value evaluation) and therefore the survey is representative of the Chilean urban population. The EFH survey
sample is a sample of homes, whether its residents own, rent or even illegally occupy the property. It is an exhaustive
set of all homes in urban areas of Chile, whether its occupiers are tax payers or not.

Rural homes were not selected because those homes represent a small share of the population and are costlier to
reach in terms of the transportation of the interviewers. Therefore, the rural population is outside of the sampling
universe. According to estimates by the Institute of National Statistics (INE, from the Spanish, Instituto Nacional de
Estadisticas), the urban population in Chile for the year 2021 was 17,118,329 people, which is around 87.8% of the
total national population.



2007 and 2010, the survey preparation team used training materials quite similar to the Bank of
Spain in its field staff capacitation. Between 2014 and 2017, the company Ipsos led the field staff
training and survey interview operations, having applied similar training and materials as Ipsos does
for its household finance surveys in Canada and other countries.

The questionnaire of the survey was based on an exhaustive study of the questionnaires of
the Survey of Consumer Finances in the US and of previous survey experiences in Italy and the
Netherlands, as well. Afterwards, there were EFH surveys in the Santiago capital region (which
represents more than 40% of the national GDP and population) in the years 2008, 2009 and 2010.
These three surveys were limited to the capital region due to budget limitations.® The survey waves
prior to 2011 are not included in the analysis of this article, because those surveys did not elicit the
respondents’ national id numbers.

Like the European household finance surveys, the questionnaire is divided into several topic
sections.* The survey has 12 topic sections: A) household structure, B) education, C) employment,
D) payment methods and services, E) real estate assets and mortgages (main home, other properties),
F) non-mortgage debts, G) perceptions of debt service and credit restrictions, H) vehicles and other
real assets, ) financial assets, pensions and insurance, J) non-labor income and other earnings, K)
expectations of future income, L) contact information and willingness to participate in future survey
waves. The largest sections are intended for the measurement of household loans, with section E
containing around 85 questions (most of them related to mortgages) and section F inquiring about

45 questions.’

3Conducting a national survey with interviewers sent across a country that stretches for over 4,300 km from north to
south is much more expensive than simply covering a capital city. Furthermore, household finance surveys ask several
sensitive financial questions, which require all interviewers to undergo several days of training before the field work
starts.

“The survey questionnaires of the EFH and the datasets for each wave (but not the confidential matched
datasets made with the Banking Loan System) are available at the website of the Central Bank of Chile:
https://www.bcentral.cl/en/areas/encuestas-economicas/acceso-a-efh.

>The F section is particularly long, because several of the 45 questions are repeatedly applied to 13 distinct types of
non-mortgage loans, namely: bank credit cards, bank lines of credit, retail store credit cards, bank installment loans,
retail store installment loans, labor unions and credit cooperative loans, auto loans, education loans, loans from family
and friends, pawnshops, store credit, loan-shark debts, other informal debts.



2  Questionnaire description

In the case of home purchase loans (including mortgages and some non-mortgage loans), these were
the questions asked for the main home and up to three other real estate properties that the household
may own.® The questionnaire explicitly starts with all the loans (mortgage and non-mortgage loans)
for the main home of the household (that is, where the members of the household live). It then asks
the same questions for the three largest other real estate properties of the household, with the order
being given from the highest-value real estate property first to the lowest-value one last.

”When your household purchased your home, how was the purchase financed? 1) Self resourced
(own savings), 2) House subsidy, 3) Mortgage from a financial institution, 4) Non-mortgage
(example: consumer loan or complementary house purchase loan) loan from a financial institution,
5) Transfers corresponding to part or the totality of the property (example: gift or inheritance), 6)
Loan from relatives or friends”.

”For each one of the 3 different home loan types (options 3, 4, 6), let us talk about your home
credit. With which institution did you obtain your mortgage loan at the time of the house purchase?
1) State loan, 2) Bank or Financial Institution (which bank or financial institution?), 3) Labor union,
4) Insurance company, 5) Cooperative or credit union, 6) Another institution (which institution?
please specify), 8) Does not answer, 9) Does not know™.

”What was the amount of your house loan at the time of the purchase, whether in pesos or in
UF?’ For the cases in which the respondent does not answer or does not know, please show him or
her the card with a range of 19 possible intervals: 1) Less than 20 UF, 2) Between 21 and 80 UF, 3)
81 to 150 UF, 4) 151 to 250 UF, 5) 251 to 500 UF, 6) 501 to 1000 UF, 7) 1001 to 1500 UF, 8) 1501
to 2000 UF, 9) 2001 to 2500 UF, 10) 2501 to 3700 UF, 11) 3701 to 5000 UF, 12) 5001 to 6500 UF,

®Among EFH mortgage borrowers, 92.9% have a mortgage on their main home, 18.5% have a mortgage on another
property and 11.5% have mortgages both on their main home plus on another property. Some wealthy households can
report up to 4 mortgages. In the EFH sample, 87.9% of the mortgage borrowers have only one mortgage, 10.7% have 2
mortgages, 1.1% have 3 mortgages, and 0.3% have 4 mortgages.

"The UF is a real monetary unit that is updated for inflation in Chile and it is widely used for many long term
contracts, such as rents, mortgages, consumer loans, and wages. Between 2010 and 2019, the average value of the UF
was 42.13 USD and fluctuated between 38.25 and 46.43 USD.
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13) 6501 to 8000 UF, 14) 8001 to 10000 UF, 15) 10001 to 12500 UF, 16) 12501 to 15000 UF, 17)
15001 to 20000 UF, 18) 20001 to 25000 UF, 19) More than 25000 UE.”

”Are you still paying this loan? Is your loan still ongoing?”

”For how many years have you asked this loan for?”

”How many years and months of repayment did you complete?”

”How many years and months do you still have to repay?”

It is worth emphasizing that the real estate and mortgage questions appear first, while the non-
mortgage loan sections appear afterwards. For non-mortgage loans, the survey asked the following
questions:

”For each of these loan types 1) Bank credit cards, 2) Banking lines of credit, 3) Retail store
cards or non-bank credit cards, 4) Retail store or non-bank consumer installment loans (example:
store cash advancement), 5) Bank or financial institution consumer installment loan (do not include
other loans already reported in previous sections, such as the home complementary loans), 6)
Cooperatives, labor unions or other similar institutions, 7) Auto loans, 8) Educational debts, 9)
Loans from relatives or friends, 10) Credit from money lenders and shark loans, 11) Pawn shops, 12)
Tab credit (store tab or store account loan), 13) Debts from other sources (for example: employer).
Please specifiy.

Do you or any other member of the household have a credit or debt of the above mentioned
types?

How many loans of each type does the household have? Now for each type of loan, please elicit
the following information for the three largest household loans (that is, the three loans with the
highest debt amount), with the order being given from the largest loan first to the third-largest loan
last.

Which member of the household owns this debt?

Which institution is the lender for this debt?

For what amount was this loan for (at the time you contracted the loan)? For the cases in which

the respondent does not answer or does not know, please show him the card with a range of 17



possible intervals ($ indicates Chilean pesos): 1) $0 to $30,000; 2) $30,001 to $50,000; 3) $50,001
to $120,000; 4) $120,001 to $250,000; 5) $250,001 to $500,000; 6) $500,001 to $1,000,000; 7)
$ 1,000,001 to $ 2,000,000; 8) $ 2,000,001 to $ 3,500,000; 9) $ 3,500,000 to $ 5,000,000; 10) $
5,000,001 to $ 7,500,000; 11) $ 7,500,001 to $10,000,000; 12) $10,000,001 to $15,000,000; 13)
$15,000,001 to $20,000,000; 14) $20,000,001 to $30,000,000; 15) $30,000,001 to $80,000,000; 16)
$80,000,001 to $190,000,000; 17) Over $190,000,000.

For how many years have you asked this loan for?

How many years and months of repayment did you complete?

How many years and months do you still have to repay?

What is the monthly amount that you must pay each month as a dividend (interest plus amortiza-

tion and other fees) for this loan?”



3 Summary statistics of the matched survey-registry data

Table A.1: Univariate distributions (percentiles 25, 50, 75) of the loan amounts,

debt service and maturities for the borrowers in the survey-banking registry data

Loan variable (positive amounts) Survey Registry
Registry; 0, Survey;0 P25 P50 p75 Obs P25 P50 p75 Obs

Mortgage original debt amount* 16.7 17.3 18.0 866 16.7 17.3 17.8 784

Consumer debt original amount™ 13.5 14.6 15.6 2,054 13.8 15.0 15.9 2,786

Installment Loan original debt amount* 14.4 15.0 15.9 1,046 14.6 15.4 16.1 1,412
Credit Lines and Cards’ debt amount* 12.6 13.8 14.7 1,511 12.7 13.7 14.7 2,378

Credit Cards’ debt amount* 12.6 13.5 14.5 1,309 12.6 13.4 14.4 2,222
Credit Lines’ debt amount* 129 13.8 149 562 12.6 13.4 144 941
Mortgage debt service* 11.712.3 12.9 1,774 11.5 12.1 12.6 786
Original mortgage maturity (months) 212 240 240 1,323 232 244 301 789
Residual mortgage maturity (months) 96 156 216 1,324 101 167 228 789
Installment Loan debt service* 114 12.0 12.6 1,019 11.5 12.1 12.8 1,420

Original maturity of installment loans (months) 24 36 48 1,112 31 44 51 305
Residual maturity of installment loans (months) 12 24 36 1,095 14 26 40 239

* Logarithm of the amount in Chilean pesos.

Table A.1 summarizes the univariate distributions of the loans in either the survey and registry
datasets (with positive amounts in either dataset) for the household sample of this study. In particular,
I'look at the original debt amount (which is the question reported by survey respondents), the total
monthly debt service and the loan maturity. I look at the total amounts for each debt category:
mortgages, installment loans, credit cards, and credit lines.® The results show that the survey and
registry report similar loan amounts in terms of mortgages, credit cards and credit lines. Both
datasets also show similar amounts of mortgage debt service, although the survey borrowers tend to
report lower mortgage maturities. The survey borrowers tend to report smaller debt amounts and

debt service for consumer installment loans and for their overall consumer debt (which includes

81f a borrower has more than one loan in a certain category, then we report the total debt amount and debt service,
plus the maturity weighted by the debt amount of each loan.
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installment loans, credit cards and credit lines), although their self-reports for the loan maturity tend

to be similar to the registry data.

Table A.2: Univariate loan amounts (mean and medians) in the survey and

registry datasets when binary loan status coincides or diverges

* Loan amounts in logarithm Survey Registry
Ownership debt status in Survey, Registry (1,0) (1,1) Obs (0,1) (1,1) Obs

Mean
Mortgage original debt amount* 17.0 17.2 866 16.7 17.2 784
Consumer debt original amount* 14.4 14.5 2,054 12.8 14.8 2,786
Installment Loan original debt amount* 15.0 15.1 1,046 15.0 15.4 1,412
Credit Lines and Cards’ debt amount* 13.7 13.7 1,511 11.9 13.6 2,378

Credit Cards’ debt amount* 13.6 13.5 1,309 11.9 13.5 2,222
Credit Lines’ debt amount* 13.2 13.8 562 104 13.2 941
Median

Mortgage original debt amount* 17.1 17.3 866 16.5 17.2 784
Consumer debt original amount* 14.5 14.6 2,054 13.1 15.0 2,786
Installment Loan original debt amount®* 15.1 14.9 1,046 15.0 154 1,412
Credit Lines and Cards’ debt amount* 13.6 13.7 1,511 12.2 13.7 2,378
Credit Cards’ debt amount* 13.5 13.5 1,309 12.2 13.4 2,222
Credit Lines’ debt amount* 13.3 13.8 562 11.0 13.4 941

Finally, I summarize whether it happens that the loan amounts are small when the survey data
and registry differ in terms of debt ownership. It may happen that, for instance, households do not
report loans that are too small in the survey and therefore both datasets would differ in terms of
the number of borrowers, but mostly because small and insignificant loans are ignored. Table A.2
summarizes the mean and median distribution of the loan amounts of each type for the matched
survey-banking registry sample, separating the cases with positive debt in both survey and registry
and the cases with only one datasource reporting a positive loan amount. It is worth noticing that
the survey has large mortgages which are not reported in the registry dataset. This could happen

because some mortgages in the survey can come from non-banks, such as insurance companies,



although borrowers report them as banking loans. However, it is indeed true that when the registry
reports a debt that the interviewer did not report in the survey, then the corresponding amount for
mortgage loans plus the loan amounts in credit cards and credit lines is much smaller than usual.
This lends support to the idea that some households simply do not report loans in their interviews,
because they consider those loans as unimportant.

Since Table A.2 is limited to the mean and median, I also show the cumulative distribution
function (CDF) of the debt amounts in the survey and registry datasets when the debt ownership
coincides. That is, these figures exclude loans which are reported in only one of the datasets. The
results are similar to the figures in the article, which include all positive debt values in the survey
and registry. Therefore, debt ownership is not the single source of discrepancy between the survey
and registry. The datasets differ both in the extensive margin (debt ownership reports) and the

intensive margin (loan amounts for each debt category).

Figure A.1: CDFs of the original mortgage and consumer debt amounts in the survey and registry
(when positive amounts of each category of debt are present in both datasets)
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Figure A.2: CDFs of the original consumer installment loans and revolving debt instruments (credit
cards and lines of credit) in the survey and registry (when positive amounts of each category of debt
are present in both datasets

Cumulative probability
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Figure A.3: CDFs of the debt amounts for credit cards and lines of credit in the survey and registry
(when positive amounts of each category of debt are present in both datasets)

Cumulative probability
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4 Tests of the equality of the survey and registry loan distribu-

tions

This section shows the results of two non-parametric tests of the equality of the cumulative probabil-
ity distributions (CDFs) of the debt categories in the survey and registry datasets. The first one is the
Kolmogorov—Smirnov test for whether two underlying one-dimensional probability distributions
differ, which is based on the supremum of the difference between the two CDFs. Goldman and
Kaplan (2018) provide an alternative procedure that distributes power across the distribution more
evenly than the Kolmogorov-Smirnov test, which suffers low sensitivity to tail deviations. I show the

results of these two tests for the equality of the debt distributions in the survey and registry datasets.
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Table A.3 shows the test results for the debt ownership distributions across each loan category. Table
A.4 shows the test results for the positive debt distributions across each loan category. Finally, Table
A.5 shows the test results for the equality of the distribution of loan maturities in the survey and
registry datasets.

Table A.3 shows that the data does not reject that the debt ownership of mortgages has the
same distribution for survey and registry, according to either test. However, for the other debt
categories, the two tests differ, with the Kolmogorov-Smirnov test rejecting that the distributions of
debt ownership are similar, while the Goldman-Kaplan test does not reject that debt ownerships are
the same.

Table A.3: P-values (in %) for the equality of the survey and registry

distributions of debt ownership (binary variable)

Debt type Kolmogorov-Smirnov  Goldman-Kaplan
Mortgages 78.3 100
Consumer debt 0.0 100
Installment loans 0.0 100
Cards and lines of credit 0.0 100
Lines of credit 0.0 100
Credit cards 0.0 100

Table A.4, however, shows that the continuous distributions of positive debt values are rejected
to be the same at the 5% level or lower across all debt categories. Therefore, both the Kolmogorov-
Smirnov and the Goldman-Kaplan tests reject that survey and registry data are similar in the

continuous debt distributions.
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Table A.4: P-values (in %) for the equality of the survey and registry

distributions of positive debt values

Debt type Kolmogorov-Smirnov  Goldman-Kaplan
Mortgages 2.1 0.0
Consumer debt 0.0 0.0
Installment loans 0.0 0.1
Cards and lines of credit 0.0 0.0
Lines of credit 0.0 0.0
Credit cards 0.0 0.0

Finally, Table A.5 shows that both the original maturity (that is, the maturity at the beginning of
the loan contract) and the residual maturity (the months still left to pay at the time of the survey) are
rejected to be similar in survey and registry datasets, whether for mortgages or consumer installment
loans.

Table A.5: P-values (in %) for the equality of the survey and registry

distributions of loan maturities

Maturity Kolmogorov-Smirnov ~ Goldman-Kaplan
Mortgage: original 0.0 0.0
Mortgage: residual 0.1 0.2
Installment: original 0.0 0.0
Installment: residual 0.0 0.0
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Table A.6: Differences between the self-reported survey data and
registry of borrower status (binary loan variable):
Sample of respondents with none or only one banking loan type
in the survey or in the registry

Debt participation (Survey, Registry) - % (0,0) (0,1) (1,0) (1,1)

Mortgage loan 83.7 1.6 10.5 4.2
Consumer debt 64.5 17.5 7.2 10.8
Consumer installment loan 844 73 42 42
Credit Card or Credit Line 71.7 169 54 59
Credit Card 739 159 5.1 5.1

Credit Line 915 55 23 07

Number of observations: 7,016 households (all the rows sum up to 7,016 observations of

respondents with or without positive debt).

Table A.7: Differences between the self-reported survey data and
registry of borrower status (binary loan variable):
Sample of respondents with only one banking loan type in the
survey or in the registry

Debt participation (Survey, Registry) - % (0,0) (0,1) (1,0) (1,1)

Mortgage loan 62.3 2.7 237 114
Consumer debt 242 36.7 11.0 28.2
Consumer installment loan 69.1 129 69 11.0
Credit Card or Credit Line 41.8 352 74 155
Credit Card 464 335 6.8 133
Credit Line 86.5 9.1 27 1.8

Number of observations: 2,682 households (all the rows sum up to 2,682 observations of

respondents with or without positive debt).
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S [Exercise with a rounding version of the administrative records

One reason for the discrepancies could be due to rounding errors in survey self-reports. For instance,
the respondent may answer 1.5 million pesos as his or her loan value instead of answering 1,647,150
pesos. This could lead to substantial measurement error, although the survey responses can be seen
as an approximation of a truthful report. For this reason I compare the survey self-reports with a

rounded version of the registry by estimating the rounded discrepancy ratio (error ratio; ;) using:

~ ~
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This rounding function takes the closest rounded value in terms of a number that is an integer
multiple of 10 (Z denotes the set of integer numbers, therefore 10 x Z denotes the set of integers
multiples of 10), but with a rounding error less than one fourth of the original value: this means that
800,000 can be rounded to 1,000,000 but not to 500,000.° Note that rounding above 25% of the
original value is not allowed. Therefore, 651,000 can be rounded to 500,000 but 667,000 can no
longer be rounded to 500,000. The algorithm chooses the amount of rounding that fits best with the
survey report, as long as the rounding is below 25% of the amount. However, 25% is the largest
amount of rounding allowed in the algorithm, but in most cases the best amount of rounding is
achieved with lower values. The reason is that loans have very wide range of values, therefore the
same rounding may not be appropriate for loans of all sizes and this is why the algorithm searches
for the best rounding in a range that is proportional to the value of the loan.!”

Note this exercise is not meant to find the exact amount of rounding that the respondents are

9Note that some literature, such as Lusardi and Tufano 2015, suggests that borrowers underestimate their debts.
However, this algorithm assigns the rounding to the closest value between survey and administrative records. Therefore,
it takes into account that some interviewed persons may round their answers below or above the true values.

19For instance, in the last few years the value of the Chilean currency has traded close to 1,000 pesos per USD.
Therefore, a rounding of around 100,000 pesos could be a very large rounding error in terms of reporting a small credit
card debt. However, in terms of reporting a mortgage, a rounding error of 100,000 pesos could be extremely accurate
and even errors 10 times above that would still be considered accurate (say, the difference between reporting an amount
of 301,000 USD as if it were 300,000 USD).

15



using. The algorithm allows to fit each observation and in this aspect it differs from EM algorithms
(which fit parameters of a parametric distribution rather than each observation). The exercise is
meant for illustrative purposes, in which an algorithm that allows small, medium and even large
amounts of rounding is able to account for some of the differences between registry and survey.
However, even after allowing for large amounts of rounding (as much as 25% of the amounts), the
exercise still fails to explain most of the differences between registry and survey. This implies that
rounding can be an explanation for some of the differences, but it cannot explain the majority of the
discrepancies between registry and survey.

Table B.1 summarizes the differences between the rounded registry and the survey reports. As
expected, the range of the percentiles 25 and 75 for the error ratio; ; show discrepancies of much
smaller magnitude, with this range falling to just [—22%, 7%)] and [0%, 50%] for mortgages and
installment loan debt amounts, respectively. Also, after rounding more than 50% of the original
mortgage maturity observations could be fully explained with zero discrepancies relative to the
registry. More than 50% of the observations for installment loan maturities have less than 28.6%
discrepancy between survey and registry. This means that a simple error in which respondents round
their answers to a multiple of 10 can go a long way towards explaining the discrepancies in the
survey data. Therefore survey answers can be usefully interpreted as an approximate version of the
real indebtedness of the borrowers. However, rounding does not reduce much the discrepancies
in terms of the survey reports of debt amounts in credit cards and credit lines. This makes sense,
since the survey interview asks only for credit card and credit line loans that are meant to be paid in
periods longer than one month. Since most debt in credit cards and credit lines is revolving debt

that is paid every month, survey data can differ substantially from the registry.
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Table B.1: Discrepancies between the registry and the survey loan reports

(percentiles and linear correlation coefficients): after “rounding” the registry

error ratio; ; (%) P10 P25 P50 P75 P90 py (Registry,Survey)
Mortgage original debt amount -60.9 -22.2 0.0 7.0 61.0 76.0
Consumer debt original amount -87.6 -2.8 4.7 59.7 133.3 58.4
Installment Loan original debt amount -33.3 0.0 0.0 50.0 103.0 72.4
Credit Lines and Cards’ debt amount -122.3 -33.3 0.0 28.6 85.7 56.7
Credit Cards’ debt amount -117.4 -15.4 0.0 35.3 85.7 43.1
Credit Lines’ debt amount -160.0 -85.7 0.0 0.0 35.3 51.8
Mortgage debt service -584 -272-65 00 45 81.7
Original mortgage maturity -222 00 00 00 222 69.4
Residual mortgage maturity -31.4 -95 0.0 11.8 38.9 71.1
Installment Loan debt service -31.2 -39 0.0 143 53.2 72.8
Original maturity of installment loans -4.7 0.0 0.0 28.6 66.7 30.7
Residual maturity of installment loans -66.7 -18.2 0.0 40.0 66.7 23.9

Table B.2 shows that most of the observations require no further rounding by the algorithm
(B.1). This algorithm is used in Table B.1 at the beginning of the section. The reason for this lack
of further rounding is because the original loans are already a round number. Table B.2 shows
that even the most extreme percentiles of rounding (percentiles 75 or 90) imply a small amount of

rounding, just 16.4% or less of the loan amount.
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Table B.2: Percentage of rounding of the registry values required
for the best possible match in the algorithm (percentiles of distribution)
Rounding required as fraction of the original amount (%) P10 P25 P50 P75 P90

Mortgage original debt amount 0.0 0.0 0.1 8.2 14.6
Consumer debt original amount 0.0 0.0 0.7 94 164
Installment Loan original debt amount 0.0 0.0 0.3 7.8 145
Credit Lines and Cards’ debt amount 0.0 0.0 0.0 6.9 155
Credit Cards’ debt amount 0.0 0.0 0.0 6.0 14.2
Credit Lines’ debt amount 0.0 0.0 0.0 4.6 149
Original mortgage maturity 0.0 00 00 1.6 3.2
Original maturity of installment loans 0.0 0.0 0.0 40 11.1

Furthermore, Table B.3 shows that almost 80% of the mortgages and 99.9% of the consumer
debt reports in the EFH survey are rounded in terms of 1,000 pesos. This makes sense, because
1,000 pesos is a very accurate rounding (a value similar to 1 USD). Table B.4 shows that rounding
in terms of 100,000 pesos happens less often. A rounding of 100,000 pesos (roughly, 100 USD)
covers just 66% of the mortgage, 78.5% of the credit card and lines of credit, and 96.7% of the
survey reports in the matched EFH-registry dataset.

Table B.3: Survey rounding data for the loan reports (in %)
Rounding data in terms of the fraction of households (one or more loans are rounded in 1,000 pesos)

Household Survey Matched Survey-Administrative Data
Year  Mortgages Cards & Lines Consumer Loans Mortgages Cards & Lines Consumer Loans
2011 87.2 99.7 100.0 87.8 99.7 100.0
2014 78.2 99.8 99.7 73.0 100.0 100.0
2017 76.6 99.7 99.7 76.6 99.7 99.7
All years 79.9 99.7 99.9 77.4 99.8 99.9
Rounding data in terms of the fraction of loans
Household Survey Matched Survey-Administrative Data
Year  Mortgages Cards & Lines Consumer Loans Mortgages Cards & Lines Consumer Loans
2011 87.2 99.5 100.0 87.7 99.9 100.0
2014 74.3 99.8 99.9 65.4 100.0 100.0
2017 72.7 99.6 99.9 71.2 99.6 99.9
All years 77.0 99.7 99.9 73.4 99.8 100.0

Note: For the purpose of this exercise, survey reports of interval amounts are included as rounding

data of the loan amount.
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Table B.4: Survey rounding data for the loan reports (in %)
Rounding data in terms of the fraction of households (one or more loans are rounded in 100,000 pesos)

Household Survey Matched Survey-Administrative Data
Year  Mortgages Cards & Lines Consumer Loans Mortgages Cards & Lines Consumer Loans
2011 77.9 72.3 96.3 76.6 73.4 96.5
2014 72.1 80.5 97.3 65.9 81.1 97.3
2017 67.4 85.2 97.5 67.4 85.2 97.5
All years 73.1 79.1 96.8 69.9 79.4 97.0
Rounding data in terms of the fraction of loans
Household Survey Matched Survey-Administrative Data
Year  Mortgages Cards & Lines Consumer Loans Mortgages Cards & Lines Consumer Loans
2011 78.3 68.7 95.3 77.0 68.6 95.5
2014 68.4 80.3 96.8 58.6 78.9 96.7
2017 66.1 82.1 97.3 65.2 82.3 97.4
All years 70.1 78.7 96.6 66.1 78.5 96.7

Note: For the purpose of this exercise, survey reports of interval amounts are included as rounding

data of the loan amount.

I also test another definition of rounding that does not require algorithms as in the expression
(B.1). I create a dummy variable for rounding called R1. R1 defines as a rounding value corresponds
to observations where either the first digit is 1 or 5 and the other remaining digits are all O (with the
further restriction that at least three zeros are required). In this definition, 5,543 is not a rounded
value, neither is 743,000, neither is 53,000, neither is 12,000 or 1,100,000. I also create a second
definition called R2, where rounding corresponds to the above cases plus any digit 1 to 9 followed
by at least four zeros. In this second definition, 4,000 is taken as a non-rounded number, but 40,000
or 400,000 can be considered as rounded. Table B.5 shows the fraction of interviewed persons for
each loan category which report all their loans of a given category in terms of definitions R1 and
R2. The results show that less tha 8% of the mortgages are presented in rounded form, according to
either criteria 1 or 2. However, almost 40% of the households present all their consumer debt loans
in rounded form R2, with the fraction of borrowers going from 46% for lines of credit to 54% for
credit cards. With the exception of lines of credit, this definition of rounding is more prevalent in

lower educated households and it is less common in borrowers with technical education.
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Table B.5: Households rounding all loan reports of a certain type with criterion 1 and 2 (% of households),
according to the education of the interviewed person

Debt type All households Secondary or less Technical education College education or more
(of original debt amount) R1 R2 R1 R2 R1 R2 R1 R2
Mortgage 3.2 7.9 6.8 14.7 0.6 2.3 0.7 3.5
Consumer debt 109  39.1 12.6 44.2 9.8 329 8.7 35.2
Installment Loan 1277 48.0 13.7 50.4 104 443 12.4 45.9
Credit Lines and Cards 12.5 46.1 148 52.7 11.3 37.8 10.4 44.7
Credit Cards 146 539 16.6 59.7 10.7 46.5 15.8 534
Credit Lines 142 456 125 43.8 154 41.7 15.0 50.8

R1 rounding consists of a dummy, with 1 corresponding to a first digit of 1 or 5, while all the other
remaining digits are 0.
R2 rounding consists of a dummy, with 1 corresponding to one in criterion R1 and also to 1 if a

number has any first digit between 1 and 9 and is followed by at least four zeros.

6 Exercise with the exclusion of outliers

This section analyzes the possibility that excluding a few outliers can help explain the discrepancies
between survey data and registry. In particular, I present a truncated analysis by discarding the
values of the error ratio;; below the percentile 5 and above the percentile 95. This analysis
discards the 10% most extreme values. The motivation for testing outliers is different than for
rounding. Rounded numbers can happen through the entire distribution, whether the loan amounts
are small (10,000 pesos), medium (100,000 pesos or 1,000,000 pesos) or large (say, 10 million
or 100 million pesos). Outliers, however, can happen sometimes through mistakes, such as an
interviewer typing one extra zero or one zero less by mistake. Outliers can also happen by other
motives, such as an interviewed person deliberately being uncooperative and giving unthoughtful
answers. The percentiles 5 and 95 are used, because these are the most standard choices in outlier
statistics. Table C.1 shows the summary statistics of the discrepancies between the individual
borrower survey reports and their registry. The results show that discarding outliers reduces the

measured discrepancies by a minimal amount relative to the analysis in Table 4. Therefore, while
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accounting for rounding errors goes some way towards explaining the discrepancies, the existence

of a small percentage of outliers does not change the results significantly.

Table C.1: Discrepancies between the registry and the survey

loan reports (percentiles and linear correlation coefficients): after truncating outliers

Outlier below percentiles 5 and above 95

error ratio; 4 (%) P10 P25 P50 P75 P90 py(gegistry,Survey)
Mortgage original debt amount -53.2 -25.3 -2.0 11.0 33.9 57.3
Consumer debt original amount -38.3 1.7 31.5 85.1 1339 58.4
Installment Loan original debt amount -23.0 1.7 8.7 71.5 94.9 66.4
Credit Lines and Cards’ debt amount -61.6 -14.6 8.9 49.0 96.8 56.7
Credit Cards’ debt amount -57.2 -12.0 8.2 48.3 84.8 43.1
Credit Lines’ debt amount -104.0 -41.7 0.5 242 75.8 51.8
Mortgage debt service -55.7 -27.3 -14.9 -5.7 8.1 75.3
Original mortgage maturity 286 -13 1.7 3.8 242 69.0
Residual mortgage maturity -28.6 -12.9 -0.8 14.3 36.8 72.7
Installment Loan debt service -47.1 -13.4 3.3 18.0 41.6 79.9
Original maturity of installment loans -27.3 0.0 4.1 28.6 70.3 21.7
Residual maturity of installment loans -66.7 -28.6 -2.8 40.0 80.0 23.5

Furthermore, I also show the results by using stricter versions of percentiles as outliers. Table
C.2 shows the results considering outliers below percentiles 2.5 and 97.5 and an even stricter

definition for outliers below percentile 1 and above percentile 99.
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Table C.2: Discrepancies between the registry and the survey

loan reports (percentiles and linear correlation coefficients): after truncating outliers

Outlier below percentiles 2.5 and above 97.5

error ratio; ; (%) P10 P25 P50 P75 P90
Mortgage original debt amount -76.4 -445 -6.1 14.6 56.1
Consumer debt original amount -86.4 -16.5 12.1 69.3 127.7
Installment Loan original debt amount -41.3 -2.0 6.8 59.1 123.9
Credit Lines and Cards’ debt amount -140.8 -51.1 0.0 37.2 80.1
Credit Cards’ debt amount -131.2 -30.7 29 409 83.3
Credit Lines’ debt amount -164.4 -131.6 -46.4 0.7 19.9
Original mortgage maturity -1.3 06 2.1 134 25.5
Residual mortgage maturity -44.6 -62 2.8 16.0 45.2
Original maturity of installment loans -16.8 0.0 5.4 30.6 58.8
Residual maturity of installment loans -82.4 -34.1 -5.7 20.0 58.8
Outlier below percentiles 1 and above 99

error ratio; ; (%) P10 P25 P50 P75 P90
Mortgage original debt amount -60.7 -27.5 0.0 549 132.5
Consumer debt original amount -93.9 -19.1 13.2 56.8 110.9
Installment Loan original debt amount -48.6 -1.5 15.1 46.3 94.7
Credit Lines and Cards’ debt amount -142.5 -55.1 -0.5 20.9 78.4
Credit Cards’ debt amount -135.2 -36.8 0.6 25.2 85.8
Credit Lines’ debt amount -164.2 -119.7 43 24 21.3
Original mortgage maturity 362 25 04 2.1 16.5
Residual mortgage maturity -36.5 -169 -34 74 25.6
Original maturity of installment loans -16.2 1.7 5.4 28.6 70.3
Residual maturity of installment loans -52.6 -23.3 -5.7 50.0 82.9

7 Exercises conditional on interviewed person’s education level

This section shows the results of the discrepancies between EFH survey and registry, summarized

by the educational level of the respondent.
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Table D.1: Differences between the self-reported survey data and

registry of borrower status (binary loan variable)

Debt participation Not in survey Notinsurvey Insurvey Insurvey Difference

(Survey, Registry) - %  Not in registry In registry Not in registry In registry in datasets

Secondary education or less

Mortgage loan 87.4 1.4 7.3 3.9 8.7
Consumer debt 69.8 13.2 5.1 12.0 18.3
Consumer installment loan 82.2 7.1 3.9 6.9 11.0
Credit Card or Credit Line 77.4 12.9 3.6 6.2 16.5
Credit Card 79.4 12.1 3.1 54 15.3

Credit Line 93.6 3.0 1.6 1.8 4.6

Technical education or two-year college

Mortgage loan 74.0 1.4 14.2 10.4 15.6
Consumer debt 52.2 15.8 9.4 22.5 253
Consumer installment loan 76.1 7.0 6.1 10.8 13.1
Credit Card or Credit Line 58.5 16.9 7.3 17.3 24.2
Credit Card 61.0 16.1 7.5 15.4 23.6

Credit Line 81.8 9.0 2.9 6.3 11.9

College education or post-graduate degree

Mortgage loan 63.4 33 13.6 19.7 16.9
Consumer debt 38.0 16.5 6.7 38.8 23.2
Consumer installment loan 66.7 11.8 2.9 18.6 14.7
Credit Card or Credit Line 42.2 194 6.0 32.5 253
Credit Card 45.7 20.3 5.7 28.3 26.0
Credit Line 69.3 13.1 5.0 12.7 18.0
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Table D.2: Differences between the self-reported survey data and

registry of default status (binary variable of arrears of 1 month or more)

Default
(Survey, Registry) - %

No default in survey Default only Default only

No default in registry in registry

Defaultin Difference

in survey both datasets in datasets

All loans (including loans reported in one dataset only)

Panel 1: Secondary education or less

Mortgage loan 97.8 0.0 0.9 1.3 0.9
Consumer installment loan 78.2 0.3 10.5 11.0 10.8
Including just the sample of borrowers with same debt participation in both datasets
Mortgage loan 95.9 0.0 0.0 4.1 0.0
Consumer installment loan 81.6 0.4 0.6 17.4 1.0
Panel 2: Technical education or two-year college
All loans (including loans reported in one dataset only)
Mortgage loan 96.8 0.0 1.4 1.8 1.4
Consumer installment loan 88.9 0.0 5.1 6.1 5.1
Including just the sample of borrowers with same debt participation in both datasets
Mortgage loan 95.6 0.0 0.0 4.4 0.0
Consumer installment loan 90.5 0.0 0.0 9.5 0.0
Panel 3: College education or post-graduate degree
All loans (including loans reported in one dataset only)
Mortgage loan 98.4 0.0 0.1 1.5 0.1
Consumer installment loan 93.9 0.3 2.3 3.5 2.6
Including just the sample of borrowers with same debt participation in both datasets
Mortgage loan 97.3 0.0 0.0 2.7 0.0
Consumer installment loan 95.6 0.3 0.0 4.1 0.3
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Table D.3: Discrepancies between the registry and the survey loan

reports (percentiles) by education status

Panel 1: Secondary education or Iess

error ratio; ; (%) P10 P25 P50 P75

P90

Mortgage original debt amount -65.4 -27.5 0.0 549

179.3

Consumer debt original amount  -114.3 -19.7 12.2 58.1 118.6
Installment Loan original debt amount -48.6 -1.8 15.5 49.3 97.0
Credit Lines and Cards’ debt amount -142.6 -55.2 -0.5 23.7 84.1

Credit Cards’ debt amount -137.7 -36.5 0.6 30.0 93.5
Credit Lines’ debt amount -164.6 -124.8 -5.1 24 213
Original mortgage maturity -39.6 -25 04 21 16.7
Residual mortgage maturity -513 -169 -34 74 256
Original maturity of installment loans -23.3 0.0 5.4 30.6 72.0
Residual maturity of installment loans -52.6 -23.3 -5.7 50.0 82.9
Panel 2: Technical education or two-year college
error ratio; ; (%) P10 P25 P50 P75 P90

Mortgage original debt amount -76.4 -4477 -6.1 15.3 56.1

Consumer debt original amount -93.7 -21.4 12.1 70.3 140.7
Installment Loan original debt amount -43.1 -2.0 7.0 63.7 129.3
Credit Lines and Cards’ debt amount -144.1 -56.8 0.0 37.3 89.3

Credit Cards’ debt amount -1453 -349 29 41.8 94.6
Credit Lines’ debt amount -165.6 -131.6 -46.3 2.4 233
Original mortgage maturity 45 04 2.1 134 290
Residual mortgage maturity -57.1 -6.6 2.8 16.8 50.0
Original maturity of installment loans -23.3 0.0 6.1 39.0 95.7
Residual maturity of installment loans -92.7 -46.2 -7.2 20.3 62.9
Panel 3: College education or post-graduate degree
error ratio; ; (%) P10 P25 P50 P75 P90

Mortgage original debt amount -63.2 -28.5 -2.2 127 40.0

Consumer debt original amount -69.5 0.0 31.5 91.1 148.1
Installment Loan original debt amount -33.0 1.4 9.0 74.4 120.3
Credit Lines and Cards’ debt amount -87.8 -18.7 8.2 51.6 106.5

Credit Cards’ debt amount -64.6 -14.7 8.2 50.7 99.8
Credit Lines’ debt amount -120.4 454 1.6 24.2 81.6
Original mortgage maturity -28.6 24 1.2 7.8 242
Residual mortgage maturity -28.6 -9.6 -0.7 253 41.8
Original maturity of installment loans -52.3 0.0 4.1 27.0 51.5
Residual maturity of installment loans -74.3 -28.6 0.0 50.0 91.5

8 Exercises that consider only debt matches in the adjoining

periods around the interview date

This section considers the debt matches in the adjoining monthly periods

interview date (while the article considers the periods -2,-1,0,+1,+2, as well).

very similar to the article, therefore the conclusions are unchanged by changing the adjoining time
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-1,0 +1 around the

The results remain



frame over which the best match between survey and registry is performed.

Table E.1: Differences between the self-reported survey data and

registry of borrower status (binary loan variable)

Debt participation Not in survey Notin survey Insurvey Insurvey Difference

(Survey, Registry) - % Notinregistry Inregistry Not in registry In registry in datasets

Match on registry reports for the monthly periods -1, 0, +1 around interview

Mortgage loan 82.0 1.6 9.3 7.0 11.0
Consumer debt 62.0 14.6 6.2 17.2 20.8
Consumer installment loan 78.9 7.8 4.3 9.0 12.1
Credit Card or Credit Line 68.9 15.0 4.6 11.5 19.6
Credit Card 71.2 14.4 4.3 10.1 18.7

Credit Line 88.1 5.7 23 3.9 8.0

Table E.2: Differences between the self-reported survey data and

registry of default status (binary variable of arrears of 1 month or more)

Default No default in survey Default only Default only Defaultin Difference

(Survey, Registry) - %  No default in registry inregistry insurvey both datasets in datasets

Match on registry reports for the monthly periods -1, 0, +1 around interview

All loans (including loans reported in one dataset only)

Mortgage loan 97.9 0.0 0.8 1.3 0.8
Consumer installment loan 84.0 0.3 7.5 8.3 7.7
Including just the sample of borrowers with same debt participation in both datasets
Mortgage loan 96.6 0.0 0.0 34 0.0
Consumer installment loan 87.1 0.4 0.3 12.2 0.7
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Table E.3: Discrepancies between the registry and the survey loan

reports (percentiles) by education status

Match on registry reports for the monthly periods -1, 0, +1 around interview
error ratio; ; (%) P10 P25 P50 P75 P90
Mortgage original debt amount -67.9 -31.8 -2.7 18.1 77.1

Consumer debt original amount  -109.4 -14.6 16.0 74.1 139.8
Installment Loan original debt amount -48.3 0.0 11.6 61.4 111.0
Credit Lines and Cards’ debt amount -137.9 -46.9 2.8 51.2 103.6

Credit Cards’ debt amount -126.7 -284 49 519 1084
Credit Lines’ debt amount -165.6 -113.4 -10.8 11.5  47.0
Original mortgage maturity 280 -13 12 38 24.4
Residual mortgage maturity -28.6 -12.0 -0.7 154 424

Original maturity of installment loans -25.9 0.0 5.4 30.6 70.3
Residual maturity of installment loans -74.3 -28.6 -2.8 452 829

9 Multivariate regressions of the discrepancies in the matched

survey-registry dataset

Table F.1 tests the several hypotheses for the discrepancies between survey and registry in a
multivariate logit regression for the event of borrowers reporting a mortgage only for the survey.
The results show that the

Table F.2 tests the several hypotheses for the discrepancies between survey and registry in a
multivariate logit regression for the event of borrowers reporting an installment loan only in the
survey.

Table F.3 tests whether the same controls can explain the dispersion in the continuous discrepancy
ratio for the debt amounts of each loan type. This shows that higher discrepancies in mortgages and

credit cards are associated with borrowers who are not the highest-income member of their family.
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Table F.1: Mortgage loan exists in the survey, but not in the registry (logit)
Control variables Model I Model2 Model3 Model4 Model 5
Dummy for borrower that ~ 1.042%*%% T.061%¥* 1.033%** T1.175%%* 1.124%%*

is not highest-income member; (0.187)  (0.140) (0.140) (0.134)  (0.136)
0.549%%*  (0.514%** (0.516%**

Number of household members 0.527%** (.550%%**
with the highest-income; (0.151)  (0.109) (0.110) (0.104)  (0.105)
Dummy for borrower that 0.343*%  0.440%***  (0.440%** 0.478%** (.482#**
(0.116) (0.119) (0.111)  (0.115)

is not the oldest member; (0.159)
Dummy for another installment -1.215%%* -1.390%** -1.34]%%%* -1.099%#**
or mortgage loan in registry;  (0.170)  (0.132) (0.132) (0.370)
Difference between mortgage -4.85e-10  2.84e-10
and installment loans (2.41e-09) (2.38e-09)
Rounded loan report (R2) -0.290 -0.332 -0.108 -0.177
(0.291) (0.293) (0.283)  (0.287)
Age (years) 0.000492 0.00190
(0.00484) (0.00466)
Education (years) -0.0949%** -0.135%%*
(0.0275) (0.0262)
Constant -0.619%** -0.686***  (0.626  -1.083*** (.752
(0.211)  (0.153) (0.482) (0.145) (0.462)
Number of Observations 1,627 1,627 1,627 1,627 1,627
0.026

Pseudo R-squared 0.142
Robust standard errors in ().

* ok statistical significance at the 10%, 5% and 1%, respectively.
R1 rounding consists of a dummy, with 1 corresponding to a first digit of 1 or 5, while all the other
remaining digits are 0.
R2 rounding consists of a dummy, with 1 corresponding to one in criterion R1 and also to 1 if a
number has any first digit between 1 and 9 and is followed by at least four zeros.
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Table F.2: Installment loan exists in the survey, but not in the registry (logit)

Control variables Model I Model 2 Model3 Model 4 Model 5

Dummy for borrower that 0.0484  -0.0845 -0.0603 -0.0335 -0.0557

is not highest-income member; (0.275)  (0.207)  (0.209) (0.198)  (0.203)

Number of household members 0.0316  0.0361  -0.0200  0.0927  0.0262

with the highest-income; (0.162)  (0.123) (0.124) (0.117)  (0.119)

Dummy for borrower that 0.0847  -0.0920 -0.138 -0.0116 -0.0644

is not the oldest member; (0.215) (0.153) (0.159) (0.145) (0.152)
Dummy for another installment -1.099%%* -1.793*%* -1 605%*%*

or mortgage loan in registry;  (0.370)  (0.252)  (0.256)

Rounded loan report (R2) -0.0529  -0.140 0.0873  -0.0391
(0.143) (0.146) (0.136)  (0.140)
Age (years) -0.00581 -0.00405
(0.00564) (0.00554)
Education (years) -0.237%#%%* -0.285%**
(0.0412) (0.0396)
Constant -0.769%** _0.667*** 2.935%** _1,098*** 3. 153%%*

(0.235) (0.187) (0.699) (0.174) (0.678)
Number of Observations 1,050 1,063 1,063 1,095 1,095
Pseudo R-squared 0.026
Robust standard errors in ().
*okx kR statistical significance at the 10%, 5% and 1%, respectively.
R1 rounding consists of a dummy, with 1 corresponding to a first digit of 1 or 5, while all the other
remaining digits are 0.
R2 rounding consists of a dummy, with 1 corresponding to one in criterion R1 and also to 1 if a

number has any first digit between 1 and 9 and is followed by at least four zeros.
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Table F.3: Linear regressions (OLS) of the error ratio; ; for the debt amounts
of borrowers with positive loans in both survey and registry

Variables Mortgage Consumer debt Installment loan Card or Line Credit Card Credit Line
Dummy: borrower not  11.21 6.733 7.980 10.69**  16.51***  -0.433
highest-income member; (7.102) (4.304) (5.549) (4.882) (5.076) (10.16)
Nr of members with 3.508 1.713 -0.480 5.080 2.791 1.948
the highest-income; (4.450) (2.788) (3.428) (3.392) (3.554) (7.135)
Dummy: borrower not  -4.560 0.924 3.965 2.732 6.034 9.864
the oldest member; (4.641) (3.320) (4.076) (3.745) (3.894) (7.376)
Rounded loan report (R2) 61.13%%%* 3.979 5.214 -9.384#%* .0 286%** 20,53 %%
(8.997) (3.181) (3.735) (3.450) (3.562) (6.638)
Age (years) 0.206 0.0576 0.311%* 0.0454 0.00924 -0.291
(0.206) (0.117) (0.148) (0.132) (0.137) (0.268)
Education (years) -0.329 1.138 0.389 -1.456* -1.142 -1.845
(1.008) (0.723) (0.886) (0.827) (0.858) (1.632)
Constant 31.90% 42.16%%* 25.76 TAT1HFEx O82THF**  []]1.3%**
(19.31) (13.21) (16.66) (14.85) (15.42) (29.36)
Observations 427 1,491 740 1,061 940 370
R-squared 0.132 0.005 0.013 0.023 0.035 0.046

Robust standard errors in ().
* ok ek statistical significance at the 10%, 5% and 1%, respectively.
R1 rounding consists of a dummy, with 1 corresponding to a first digit of 1 or 5, while all the other
remaining digits are 0.
R2 rounding consists of a dummy, with 1 corresponding to one in criterion R1 and also to 1 if a
number has any first digit between 1 and 9 and is followed by at least four zeros.

Table F.4: Linear regressions (OLS) of the error ratio; ; for the debt amounts of borrowers with
positive loans in both survey and registry (regressions with no demographics or rounding dummy)

Variables Mortgage Consumer debt Installment loan Credit Card ~ Credit Line
Dummy: borrower not  16.70* 12.96%** 8.505 22 15%%* -2.839
highest-income member; (9.855) (5.450) (7.125) (7.165) (12.92)
Nr of members with 3.698 -0.789 -2.579 -1.204 14.18%*
the highest-income;  (5.992) (3.914) (3.899) (4.590) (8.371)
Dummy: borrower not  -6.815 0.896 4.625 9.917* 16.63*
the oldest member; (5.893) (4.453) (5.266) (5.069) (9.803)

Constant 39.25%%%  64.84%** 49.30%** 48.87%** 41.87%%*
(8.195) (5.558) (5.595) (6.047) (10.45)
Observations 427 1,488 740 940 370

R-squared 0.017 0.007 0.006 0.038 0.036

Robust standard errors in ().
ok ek statistical significance at the 10%, 5% and 1%, respectively.
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