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Abstract

I study the implications and determinants of borrower misreporting in peer-to-peer
(P2P) loans for credit card debt repayment and consolidation. I identify potential
misreporting based on three behavior-based indicators: consistency of loan amount
with outstanding credit balance, roundness of reported income, and roundness of chosen
loan amount. A Misreporting Index constructed from these indicators has significant
predictive power over the likelihood of default, and the additional default risk does not
get compensated in the form of higher interest. I find evidence consistent with both
intentional as well as innocent misreporting. Supporting the former, misreporting is
more prevalent in areas with lower social capital, implying weaker social norms, and
among borrowers whose professions are considered less honest, while borrowers with
higher genuine income uncertainty are also more prone to misreport. Misreporting
increases notably from Q2 2017 onwards, and the increase is larger among low-income
and low-credit-grade borrowers.
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1 Introduction

The market for peer-to-peer (P2P) loans has grown rapidly in recent years with the U.S.
P2P consumer lending volume estimated at $21 billion in 2016[] Lending Club, the largest
U.S. P2P loan platform, now accounts for 10% of outstanding U.S. personal loansf] P2P
loan platforms enable investors to lend directly to borrowers and use technology to automate
credit analysis and hence provide low-cost, speedy loan decisionsE] This business model has
obvious advantages. However, it also means that P2P lending relies heavily on self-reported
data, for example on borrower income and the use of funds. Borrower misreporting thus
represents a challenge for credit analysis.

As the growth of the sector in size and importance has coincided with signs of deteri-
orating credit quality of P2P loans, regulators have become increasingly concerned about
the potential scale of defaults and their effects on consumers. The U.S. Treasury issued a
white paper in 2016 (U.S. Department of the Treasury, 2016)), highlighting concerns that
the credit scoring models used in the sector have been developed during benign times and
remain untested over the full credit cycle. Also in 2016, the Consumer Financial Protection
Bureau (CFPB) began accepting complaints from consumers encountering problems with
loans from online P2P lendersf_f] The Federal Deposit Insurance Corporation (FDIC) issued
a note cautioning banks to consider the risks of engaging with online lending platforms (Fed-
eral Deposit Insurance Corporation), 2015). Such regulatory concerns, together with some
notable governance issues, have also been reflected in investor worries about the sustainabil-
ity of the P2P lenders’ business models and the negative share price development of Lending
Club over the last years[]

The potential for misreporting is not unique to P2P loans. |Jiang, Nelson, and Vyt-
lacil (2014)) find that a significant part of the delinquency difference between full- and low-
documentation mortgages is due to income falsification. |Griffin and Maturana| (2016]) find
evidence of widespread misrepresentation in the securitized loans market with around 48%

of loans exhibiting at least one indicator of misrepresentation. The business model of P2P

IEstimate based on |Ziegler, Reedy, Le, Zhang, Kroszner, and Garvey| (2017).

2Estimate based on Lending Club Investor Day 2017 presentation.

3Throughout this paper, I use the term peer-to-peer, or P2P, lending. Some firms and analysts prefer to
use the term marketplace lending, reflecting the fact that most of the funds come from institutional investors,
not “peers”.

4https://www.consumerfinance.gov /about-us/newsroom /cfpb-now-accepting-complaints-on-consumer-
loans-from-online-marketplace-lender/

5In 2016, Lending Club CEO Renaud Laplanche resigned following an internal probe that found that the
firm had misrepresented the characteristics of $22 million of loans sold to a single investor, in order to fit
the investor’s criteria. It was also found that a fund affiliated with Mr. Laplanche had bought 115 million
worth of Lending Club loans.



loan marketplaces, with virtually no human interaction with borrowers, might make them
less able to incorporate soft information and thus more vulnerable to misreporting than tra-
ditional lenders using loan officers. This idea is consistent with the findings of |Berger, Miller,
Petersen, Rajan, and Stein| (2005)), who show that smaller banks are better at incorporating
soft information than large banks.

In this paper, I use a comprehensive sample of loans for credit card debt repayment and
consolidation from Lending Club to study the implications and determinants of misreporting
by borrowers. I construct a Misreporting Index for P2P loans based on three indicators that
may signal untruthful or inaccurate information provided by the borrower: the consistency
of loan amount with outstanding credit balance, the roundness of reported income, and the
roundness of the chosen loan amount. These indicators combine behavioral cues and simple,
observable indicators of potential misreporting into a single index variable. They may also
capture both intentional as well as innocent elements of misreporting, so in the context of
this study, misreporting should be understood broadly to mean any inaccurate information
provided by the borrower.

The first indicator, consistency of loan amount with outstanding credit balance, is an
attempt to capture observable discrepancies between the stated purpose of the loan and the
requested loan amount. For the vast majority of Lending Club loans, the stated purpose of
the loan is either credit card repayment or debt consolidationﬁ If the borrower is truthful
in stating the purpose of the loan, the requested loan amount should be close to the current
revolving credit balance of the borrower. That is, the amount borrowed should match the
refinancing need. I calculate the ratio of loan amount to outstanding revolving credit balance
and use that to identify suspect loan amounts. While this ratio has not been used in the
literature, there is evidence of misreporting the intended use of proceeds in other contexts.
For example, Karlan and Zinman (2012)) find that poor entrepreneurs tend to under-report
the non-enterprise uses of loan proceeds.

The second indicator, roundness of reported income, relies on behavioral cues that may
be associated with misreporting. The general human tendency to use round numbers is
well documented in the literature (e.g Baird, Lewis, and Romer, [1970; |Dehaene and Mehler),
1992; |Jansen and Pollmann, [2001). Experiments on numerosity show that when people are
asked to estimate a value, they tend to provide round numbers (Kaufman, Lord, Reese, and
Volkmann, [1949; Krueger}, |1982; Lipton and Spelke, [2005). Furthermore, such a tendency to
provide round numbers is more pronounced when lacking information or general knowledge
(Ormerod and Ritchie, 2007 Kleven and Waseem, 2013; Whynes, Frew, Philips, Covey, and

Smith) 2007)). |Garmaise| (2015) shows that residential mortgage borrowers have a tendency

6These two categories account for 79% of all loans on Lending Club.



to misreport financial assets just above round number thresholds. Such misreporting is
associated with significantly higher delinquency rates. |Eid, Maltby, and Talavera (2016)
were the first to report the positive relationship between the roundness of reported income
and the likelihood of default in P2P loans.

The third indicator, roundness of the loan amount, is conceptually a mix between the first
two indicators. If the stated purpose of the loan, credit card repayment or debt consolidation,
is truthful, there is no reason why the required loan amounts should cluster at round numbers.
Nevertheless, I find that loan amounts of Lending Club loans exhibit very clear clustering
at round number thresholds. The distribution of outstanding loan balances shows no such
clustering. This suggests that the uses of loan proceeds may not fully match the stated
purpose. A round loan amount may thus signal a larger discrepancy between the funding
need and the loan amount. This is consistent with the results of Lin and Pursiainen| (2018b)),
who find that reward-based crowdfunding campaign goal amounts set by entrepreneurs on
Kickstarter cluster strongly at round numbers, and that such use of round goal amounts is
associated with significantly lower likelihood of funding success.

Based on these three indicators of potential misreporting, I construct a loan-level Misre-
porting Index. I define the index as the sum of five dummies indicating whether i) the loan
amount/revolving balance ratio is below 0.9 or above 1.1, ii) the reported income is divisible
by 5,000, iii) the reported income is divisible by 10,000, iv) the loan amount is divisible by
5,000, and v) the loan amount is divisible by 10,000. The maximum index value is thus five,
and the minimum zero. I hypothesize that loans with a higher Misreporting Index value are
associated with adverse outcomes for the investors.

To test this hypothesis, I perform a regression analysis of loan default rates, controlling
for loan credit grades assigned by the Lending Club platform as well as for a large number
of other observable loan and borrower characteristics. Consistent with the hypothesis, I
find that loans with higher Misreporting Index values are associated with a significantly
higher likelihood of default than other loans. Furthermore, the default likelihood increases
monotonically with the index value. The economic magnitude of the effect is large. A loan
with a Misreporting Index value of five (the highest value) is 5.0 %-points more likely to
default than an otherwise similar loan with an index value of zero (the lowest value). This
represents a 25% increase relative to the unconditional mean default rate in the sample.

Furthermore, loans with a high Misreporting Index value do not compensate investors
for the higher default risk in the form of higher interest. Based on my regression analysis,
there is no significant difference in the pricing of loans with high and low Misreporting Index
values, although the estimated coefficients are negative, the opposite of what one might

expect if the loans were correctly priced. I also find that loans with a higher Misreporting



Index value incur higher losses in cases where they default.

It is important to note that misreporting as measured in this paper can have multiple
causes. It is possible that the borrower deliberately attempts to mislead lenders in order to
get better loan terms. It is also possible that the index captures uncertainty or cognitive
limitations of the borrower, both of which have been linked with the use of round numbers
in the literature. To explore these different possibilities, I also analyze the determinants
and dynamics of misreporting, as proxied by the Misreporting Index. I use two indicators
that are likely to signal lower propensity to deliberately misreport: the strength of social
norms, as proxied by regional social capital, and borrower honesty, based on the perceived
trustworthiness of the borrower’s stated profession. In addition, I explore the implications
of genuine income uncertainty.

I find that the propensity of borrowers to misreport is lower in areas with higher social
capital, suggesting that social norms may limit willingness to misreport.[] This is consistent
with a large literature suggesting that regional social capital can help generate trust and
trustworthy behavior by enforcing social norms. For example, Guiso, Sapienza, and Zingales
(2013)) show the importance of social norms in decisions on whether to strategically default
on mortgages. (Guiso, Sapienza, and Zingales| (2004)) show that social capital is important for
the spread of financial contracts and hence for the development of financial markets. |Hasan,
Hoi, Wu, and Zhang (2016) find that high social capital is associated with lower bank loan
spreads, looser other loan terms, and lower at-issue bond spreads. Similarly, I use reported
employment titles and Gallup survey data of the perceived honesty of different professions to
assign an honesty score to a large subsample of borrowers. The survey is done on an annual
basis and asks a large and representative sample of Americans to rate how honest they think
people are in different professions. I find that misreporting is significantly more prevalent
among borrowers with professions considered less honest.

To obtain an indicator of genuine uncertainty of expected income, I construct an occupation-
based future income volatility measure using data from the Panel Survey of Income Dynamics
(PSID). I match the expected income volatility variable to P2P borrowers using reported
employment titles. I find that expected income volatility is associated with significantly
higher levels of misreporting. This is also consistent with my robustness checks, where I find
that round income is a significant predictor of default likelihood even when the income has
been verified by the platform. Taken together, these findings suggest that the Misreporting
Index captures both a deliberate as well as an inadvertent component of misreporting due

to genuine uncertainty by the borrower.

I use the county-level social capital index of Lin and Pursiainen| (2018a) to measure social capital. I
calculate population-weighted averages of social capital for each 3-digit zip code.



I also explore the time trends in misreporting and find that the propensity to misreport
increases markedly following Q2 2017. This trend is clearly visible from an estimation of
quarterly fixed effects from a regression analysis with Misreporting Index as the dependent
variable. A closer investigation shows that the main driver of this increase in Misreporting
Index is the roundness of loan amount. There are several things that might plausibly increase
the aggregate propensity of borrowers to deliberately misreport, but also possibly incentivize
the platform to approve more potentially dubious loans.

The shift coincides with the Trump presidency and a period of historically unparalleled
media focus on “fake news” and lying by politicians. It seems possible that this dynamic
could have caused some loosening of moral norms and hence an increase in misreporting,
as captured by the index. On the other hand, it is equally possible that there was no
fundamental change in borrower behavior, and that the shift resulted from changes made
by the platform. In an e-mail exchange with Lending Club Investor Relations, I received a
reply saying they have not made changes that should result in changes in loan amounts. It
is impossible for me to verify this statement, but in case truthful, it would suggest that the
shift is driven by borrower behavior. Without making any claims on causality, I perform a
regression analysis using the Trump inauguration as a dividing point in time and I find that
misreporting increases significantly following the inauguration. This increase in misreporting
is significantly larger among low-income and low-credit-grade borrowers.

In my additional analysis, I show that each of the three indicators used for constructing
the index separately has significant predictive power over the probability of default. Further-
more, the estimated effect of each of the components remains significant when including all
of them separately in the same regression. This suggests that each captures separate aspects
of misreporting. I also analyse the robustness of the Suspect amount variable by dividing it
into Suspect amount above, a dummy taking the value one if the loan amount / revolving
balance ratio is above 1.1, and Suspect amount below, taking the value one if the loan amount
/ revolving balance ratio is below 0.9. Interestingly, the predictive power of both over the
default likelihood is of similar magnitude. This finding is noteworthy as I cannot observe the
initial loan application amounts of the borrowers, and hence it is possible that a borrower
might have been refused a larger loan, resulting in this ratio to be below 0.9.

I contribute to at least three strands of literature. First, I add to the literature on
borrower misreporting by introducing two new easily identifiable indicators of potential mis-
reporting: the consistency of loan amount with the existing credit balance to be refinanced,
and the roundness of the loan amount. 1 combine these with income rounding to provide a
more comprehensive and less noisy proxy for potential misreporting. Second, I contribute

to the extensive literature on the use of the round number heuristic by individuals and the



adverse outcomes it entails. Third, I contribute to the literature on the determinants of
default in P2P loans by providing behavioral indicators that can be calculated from the data
that are readily available to all investors, but may not be considered as “obvious” inputs by
many credit analysts.

It should also be noted that I cannot know what variables or what methodology Lending
Club itself uses for generating credit grades for the loans on the platform. Therefore, I do
not know to what extent Lending Club is aware of the findings that I report. However, I
show that loan pricing does not appear to fully capture the increased risk related to loans
with higher Misreporting Index values. Therefore, for an investor in this asset class, my
findings provide valuable insights. They should also be of interest for anyone making credit

decisions, whether they are based on algorithms or other decision-making methods.

2 Literature review and hypothesis development

2.1 Misreporting in loans

People are often not entirely truthful in reporting their finances. |Zinman| (2009) compares
estimates of credit card use based on household data from the Survey of Consumer Finances
(SCF) and industry data and finds that the SCF yields much lower estimates of revolving
debt. [Karlan and Zinman (2008)) compare survey self-reports with administrative data and
find that nearly 50% of recent borrowers do not report their high-interest consumer loans.
Misreporting also represents a fundamental problem for lenders. |Jiang et al.| (2014) show
that a significant part of the delinquency difference between full- and low-documentation
mortgages is due to income falsification. |Griffin and Maturana (2016) find evidence of
widespread misrepresentation in the securitized loans market with around 48% of loans
exhibiting at least one indicator of misrepresentation. They also find that such misrepresen-
tation is associated with a 51% higher likelihood of delinquency. Karlan and Zinman| (2012)
document poor entrepreneurs’ tendency to under-report the non-enterprise uses of loan pro-
ceeds. Of course, firms may also engage in misreporting. (Chava, Huang, and Johnson| (2018)

show evidence of reputational costs for firms for misreporting.

2.2 Round numbers as a behavioral cue

A substantial amount of literature suggests a general tendency to use round numbers (e.g
Baird et al., [1970; Dehaene and Mehler|, |1992; Jansen and Pollmann| 2001)). They are the
most cognitively accessible numbers (Schindler and Kirby, [1997) and act as reference points

(Rosch, |1975). Experiments on numerosity show that when people are asked to estimate a
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value, they tend to provide round numbers (Kaufman et al., |[1949; Krueger, |1982; |Lipton and|
Spelke, [2005). Furthermore, such a tendency to provide round numbers is more pronounced
when lacking information or general knowledge (Ormerod and Ritchie, 2007; Kleven and|
Waseem,, |2013; [Whynes et al., [2007)).

Financial decisions represent good examples of situations where assessing the exact value

of the traded asset is a cognitively difficult task and hence a likely area to find evidence of
the reliance on such round number heuristics. Correspondingly, the empirical literature has
reported the clustering of prices at round numbers in a number of financial markets.
(1962) is perhaps the first study documenting stock price clustering at round numbers, using
closing prices from the New York Stock Exchange (NYSE). Niederhoffer| (1965) shows similar
clustering at limit orders. The same patterns are reported in a number of other equity
markets (e.g., Harris, 1991; Aitken, Brown, Buckland, Izan, and Walter, 1996; Grossman,
Miller, Cone, Fischel, and Ross| [1997; Hameed and Terry, [1998} Bhattacharya, Holden, and
\Jacobsen, 2012).

Ball, Torous, and Tschoegl| (1985)) show that prices at the London gold market cluster

at round numbers, and the degree of clustering depends on the amount of information in

the market. There are also a plethora of studies documenting price clustering in the foreign

exchange markets (Goodhart and Curcio, (1991 DeGrauwe and Decupere, 1992; (Grossman|
et al. [1997; [Sopranzetti and Datar, 2002, [Mitchell and Izan|, [2006)), stock index values
aldson and Kiml|, 1993; |[Koedijk and Stork, |1994; Ley and Varian, 1994)), index futures and
options markets (ap Gwilym, Clare, and Thomas| [1998)), orders submitted by investors in
Israeli IPOs (Kandel, Sarig, and Wohl, 2001)), and real estate prices (Palmon, Smith, and|
Sopranzetti, 2004). In addition, Kahn, Pennacchi, and Sopranzetti (1999) show that bank

deposit rates cluster at round numbersf|

2.3 Misreporting and P2P loan performance

There is a small but growing literature on peer lending and the performance of P2P loans.

Serrano-Cinca, Gutirrez-Nieto, and Lpez-Palacios (2015) analyze the determinants of de-

faults on Lending Club loans and conclude that while grade assigned by the platform is the

most important predictive factor of default, the accuracy of the model is improved by adding

other information, especially the borrower’s debt level. [Emekter, Tu, Jirasakuldech, and Lu

(2015) provide similar results.

A handful of papers focus on behavioral factors in P2P lending. |Duarte, Siegel, and

®In a related strand of literature, Lacetera, Pope, and Sydnor (2012) find that left-digit bias leads to
discontinuous drops in used-car sale prices at 10,000-mile odometer thresholds, along with smaller drops at
[1,000-mile thresholds. |




Young| (2012)) find that borrowers who appear more trustworthy have higher probabilities of
having their loans funded, while Freedman and Jin| (2014) find that borrowers with social
ties are consistently more likely to have their loans funded and receive lower interest rates.
Similarly, Lin, Prabhala, and Viswanathan| (2013) find that online friendships of borrowers
act as signals of credit quality. Friendships increase the probability of successful funding,
lower interest rates on funded loans, and are associated with lower ex post default rates.
Chen, Huang, and Yec (2018) find evidence that the amount of punctuation used in loan
descriptions inuences the funding probability, borrowing rate, and default.

In the context of traditional bank loans, |Garmaise, (2015]) shows that residential mortgage
borrowers have a tendency to misreport financial assets just above round number thresholds.
Such misreporting is associated with significantly higher delinquency rates.

In this paper, I combine three indicators of potential misreporting into a single Misreport-
ing Index, partly relying on the existing literature on the connection between behavioral cues
and borrower misreporting. Intuitively, and consistent with prior findings in the literature,
I expect a negative relationship between misreporting and loan performance.

I thus propose my main hypothesis:

Hypothesis 1: Loans with a higher Misreporting Index value, based on the consistency of
loan amount with outstanding credit balance, roundness of reported income, and roundness

of chosen loan amount, are associated with adverse outcomes for the investors.

3 Data and methodology

3.1 P2P loan data

I use a comprehensive sample of loans from Lending Club, issued between 2007 and Q2
2018. Given one of my indicators of misreporting, consistency of loan amount with the
outstanding credit balance, is only applicable for credit card and debt consolidation loans, I
limit my analysis to those loans. Figure|l|shows the distribution of all Lending Club loans by
stated purpose. Credit card and debt consolidation represent 79% of loans on the platform.
These loans provide me with a sample of 1,584,127 loans. For the analysis of historical
default rates and corresponding interest rates, I exclude current loans. resulting in a sample
of 905,316 loans. Appendix B provides a summary of the sample filtering. Table [I| shows

the number of campaigns by year in our sample, classified by loan status.



3.2 Misreporting Index

To proxy the likelihood of misreported information, I construct a loan-level Misreporting In-
dez, defined as the sum of five dummy variables that indicate the consistency of loan amount
with outstanding credit balance, the roundness of reported income, and the roundness of the
chosen loan amount.

The first indicator variable, Suspect amount, is a dummy taking the value one if the loan
amount / revolving credit ratio is below 0.9 or above 1.1. This variable is an attempt to
capture observable discrepancies between the stated purpose of the loan and the requested
loan amount. As mentioned above, the stated purpose of most loans on Lending Club loans
is either credit card repayment or debt consolidation. If the borrower is truthful in stating
the purpose of the loan, the requested loan amount should be close to the current revolving
credit balance of the borrower. That is, the amount borrowed should match the refinancing
need. I calculate the ratio of loan amount to outstanding revolving credit balance and use
that to identify suspect loan amounts. Figure [2| shows the distribution of loans based on
this ratio. As expected, the distribution for credit card and debt consolidation loans clearly
centers at one, while this is not the case for other loan types.

Figure 3] A plots the average default rate against this ratio. It clearly suggests that loans
with loan/revolving credit balance ratio of one or near one have substantially lower default
rates than loans either above or below one. To check whether this pattern is captured the
credit grades and interest rate by the platform, I regress the Default dummy on a set of
dummies for each sub-credit grade (35 different grades) and the interest rate of the loan.
Figure .B plots the residuals from this regression against the loan amount / revolving credit
ratio. We see that the same pattern remains. I hence use this apparent discontinuity and
define a variable Suspect amount as a dummy taking the value one if this ratio is below 0.9
or above 1.1.

As can be seen from Figure {4, there is no such discontinuity in loans taken for other
reported purposes. This acts as a sanity check for the methodology, as there is no reason
why this ratio should be consequential for other loan types.

The second indicator, roundness of reported income, is suggested as a proxy for dishon-
est income reporting by prior literature. (Garmaise (2015) shows that residential mortgage
borrowers have a tendency to misreport financial assets just above round number thresholds.
Such misreporting is associated with significantly higher delinquency rates. [Eid et al.| (2016))
were the first to report the positive relationship between the roundness of reported income
and the likelihood of default in P2P loans. Figure [5 shows the distribution of reported an-
nual incomes. This distribution exhibits very clear clustering at round numbers. I define two

dummy variables, Income divisible 5,000 and Income divisible 10,000, indicating different



levels of roundness.

The third indicator, roundness of the loan amount, is conceptually related to both of
the first two indicators. If the stated purpose of the loan, credit card repayment or debt
consolidation, is truthful, there is no reason why the required loan amounts should cluster
at round numbers. However, Figure [6] shows that similar to reported incomes, loan amounts
exhibit very clear clustering at round number thresholds. The distribution of outstanding
loan balances, shown in Figure[7], shows no such clustering. This suggests that the uses of loan
proceeds may not fully match the stated purpose. A round loan amount may thus signal a
larger discrepancy between the funding need and the loan amount. This is consistent with the
results of [Lin and Pursiainen| (2018b), who find that reward-based crowdfunding campaign
goal amounts set by entrepreneurs on Kickstarter cluster strongly at round numbers, and that
such use of round goal amounts is associated with significantly lower likelihood of funding
success. Similar to income roundness, I define two dummy variables, Loan amount divisible
5,000 and Loan amount divisible 10,000, indicating different levels of roundness.

I define the Misreporting Index as the sum of Suspect Amount, a dummy taking the
value one if the loan / revolving balance ratio is outside the range 0.9-1.1, Income divisible
5,000 and Income divisible 10,000, dummies taking the value one if the reported annual
income is divisible by 5,000 and 10,000, respectively, and Amount divisible 5,000 and Amount
divisible 10,000, each taking the value one if the loan amount is divisible by 5,000 and 10,000,
respectively. The index values thus range from zero (lowest likelihood of misreporting) to

five (highest likelihood of misreporting).

3.3 Descriptive statistics

Table |2| shows summary statistics for the sample. The average annual interest rate is 13.0%
and loan amount around $15,600. 30% of the loans have a term of five years, the remainder
three years. The average loan / revolving balance ratio is 3.89, the median 1.06. 41% of the
full sample are current loans performing normally. When excluding current loans, around
60% of historical loans have been prepaid, 19% repaid at maturity, and 20% defaulted.

The average Misreporting Index value is 1.47. Nearly 84% of loans are classified as having
a suspect loan amount, based on the loan / revolving balance ratio. 29% of borrowers have
a reported income divisible by 10,000 and 33% a loan amount divisible by 5,000.

On borrower demographics, the average reported income is 76,700 and the median 65,000.
The average employment length is 5.6 years. 10% of borrowers own their home without

mortgage, while another 49% have a mortgaged home, and the remainder rent their homes.
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4 Main results

4.1 Likelihood of default

My main hypothesis predicts that loans with a higher Misreporting Index value are associated
with a higher likelihood of default. I test this hypothesis by performing regressions of the

following form:

Default; = ag + oy X Misreporting Index; + ag X X; + € (1)

where De fault; is a dummy taking the value one if the loan i defaulted, Misreporting Index;
is a proxy for potential misreporting, described above, and X is a vector of control variables,
including loan amount, annual income, loan amount / revolving credit ratio, debt/income
ratio, employment length, outstanding revolving credit balance, revolving credit utilization
rate, number of open accounts, number of total accounts on file, dummies indicating home
ownership and mortgage, sub-grade-year joint fixed effects based on the credit grade assigned
by Lending Club (35 grades) and allowing time variation as the Lending Club credit rating
methodology may change over time, purpose fixed effects based on the stated purpose of
the loan (either credit card or debt debt consolidation), 3-digit zip code fixed effects (955
zip codes) based on the address of the borrower, Year-month x Term fixed effects based on
the issue date of the loan (133 months x two alternative terms). For this analysis, I exclude
current loans, where the loan outcome cannot yet be known.

The results, shown in Table [3, provide support for my hypothesis. As shown in Panel
A, loans with a higher Misreporting Index value are associated with significantly higher
likelihood of default across all model specifications. Panel B shows the same regression, but
instead of including the Misreporting Index as a continuous variable, I include dummies for
each of the possible index values. The omitted value is zero, so the estimated coefficients are
relative to loans with an index value of zero. Based on the estimated coefficients in column
5, loans with a Misreporting Index value of three (highest) are associated a 4.2 %-points
higher likelihood of default than otherwise similar loans with a Misreporting Index value of

zero. This represents a 21% increase to the sample average default rate.

4.2 Loan pricing and loss given default

A higher likelihood of default does not mean that a loan represents a worse investment. In
theory, such increased default risk should be reflected in a higher interest rate charged on
such loans. To test whether this is the case for the loans with a higher Misreporting Index,

I perform regressions of the following form:
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Interest; = ag + ay X Misreporting Index; + an X X; + ¢€; (2)

where Interest; is the annual interest rate charged on the loan i, Misreporting Index; is
a proxy for potential misreporting, described above, and X; is a vector of control variables,
as described above.

Default in most cases does not mean losing 100% of the original investment. Therefore,
it is possible that even correctly priced loans could exhibit higher default rates and lower
interest rates, in case the returns to investors were higher for defaulting loans. To test for

this possibility, I perform regressions of the following form:

Loss given default; = ag + oy X Misreporting Index; + ag X X; + ¢€; (3)

where Loss given default; is the fraction of principal lost for the defaulted loan i,
Misreporting Index; is a proxy for potential misreporting, described above, and X; is a
vector of control variables, as described above. The sample for this analysis includes all
defaulted loans.

The results from both of these analyses are shown in Table [, Loans with a higher
Misreporting Index value do not pay higher interest than other loans. In fact, the estimated
coefficients are negative. This finding is the opposite of what could be expected if the
loans were correctly priced. Combined with the earlier result, these findings suggest that
misreporting is associated with significantly higher likelihood of default but not reflected in
loan pricing. That is, the loan pricing fails to compensate investors for the increased risk.

The results also do not suggest that loans with a higher Misreporting Index value provide
better payoffs to investors in cases of defaults. The estimated coefficient for Misreporting

Index is positive, the opposite of what should be expected, and statistically significant.

4.3 Social norms, honesty, and uncertainty

In principle, the Misreporting Index can capture both deliberate misreporting and genuine
uncertainty on part of the borrower. In this section I explore whether there is evidence
pointing to either direction. As indicators of the likelihood of deliberate misreporting, I
use the strength of social norms, as proxied by regional social capital, and the perceived
trustworthiness of the borrower’s stated profession.

The first, the strength of social norms, is suggested by the literature to affect borrower
behavior. For example, Guiso et al.| (2013) show the importance of social norms in decisions
on whether to strategically default on mortgages. The ability of social norms to generate

trust and trustworthy behavior is often referred to as social capital. |Guiso et al. (2004)
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show that social capital is important for the spread of financial contracts and hence for the
development of financial markets. They argue that this is because individuals’ willingness
to sign financial contracts depends “not only on the enforceability of contracts, but also on
the extent to which they trust the counterpart.” |Millo and Pasini (2010) find evidence that
social capital mitigates moral hazard in insurance markets.

In the context of firm behavior, Hasan, Hoi, Wu, and Zhang| (2017) find that firms located
in high-social-capital counties are less prone to engage in corporate tax avoidance. In another
paper (Hasan et al.; 2016)), the same authors study bank loan data and find that high social
capital is associated with lower bank loan spreads, looser other loan terms, and lower at-issue
bond spreads. Their results suggest that social capital imposes behavioral norms on firms and
hence mitigates the risk of opportunistic firm behavior against debtholders. Moreover, |Jha
and Chenl! (2015) find evidence that audit firms judge the trustworthiness of their clients based
partly on where they are located, and firms headquartered in high-social-capital counties pay
lower audit fees.

To study whether social capital reduces the propensity to misreport, I perform regressions

of the following form:

Misreporting Index; = ag + a1 X Social capital; + an X X; + €; (4)

where Misreporting Index; is the misreporting index value for loan i. Social capital;
is the social capital index by [Lin and Pursiainen| (2018a)) at the borrower’s home location.
The original index is constructed at county level. For this analysis, I calculate population-
weighted average values for each 3-digit zip code level. X, is a vector of control variables,
as described above. Given social capital is a location-specific variable and does not change
much over time, I include additional controls for the population and wealth level (personal
income per capita) of the borrower location (measured at the 3-digit zip code level).

The second indicator, borrower honesty, is based on the reported employment title of
the borrower and a yearly Gallup survey that asks a large sample of adults living across all
U.S. states how honest they believe people in different professions are. The precise interview
question asked is: “Please tell me how you would rate the honesty and ethical standards
of people in these different fields — very high, high, average, low, or very low?” I define
the Honesty variable for each profession as the percentage of respondents that assessed the
honesty of people within the profession as “very high” or “high”.

The Lending Club data include a text field where the borrower can state their employment
title. I manually go through the 500 most common employment titles and match them to the
professions included in the Gallup survey. I complement this matching by adding additional

identification rules that seem likely to capture words specific to only one profession. For
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example, if the employment title includes the word “nurse”, I classify the profession as nurse,
or if the title includes the word “police”, I classify it as police. This methodology allows
me to match honesty scores with 402,432 loans. 1 then use the honesty variable to perform
a similar regression analysis, but replacing Social capital with Honesty, the percentage of
people assessing the borrower’s profession as very high or high in terms of honesty.

As an indicator of genuine uncertainty, I construct a measure of expected earnings volatil-
ity using the reported employment titles and data from the Panel Study of Income Dynamics
(PSID). T use PSID data for the period 2007-2015 and calculate the biyearly volatility of
household income for each households included in the data for the full period. I then cal-
culate the average volatility for each household based on the occupation of the head of the
household in 2007. This metric hence represents a static estimate of expected volatility for
each occupation in the data. Similar to the honesty data above, I manually match the most
common employment titles to the occupations in PSID data to obtain the expected income
volatility variables for P2P borrowers. I then perform the same regression as above using
Income volatility as the independent variable.

The results of all these regressions are shown in Panel A of Table |5} Social capital and
honesty are both associated with significantly lower Misreporting Index values, while ex-
pected income volatility is associated with higher misreporting propensity. These results
suggest that there is both a deliberate and an inadvertent component captured by the Mis-
reporting Index.

Panels B, C, and D show the same analysis, but using each of the components of the
Misreporting Index separately as the dependent variable in the regressions. Interestingly,
the pattern is the same for each of these components, although the relative magnitude and
significance of the effects varies by Panel. Social capital and honesty are associated with a
lower likelihood for each of the component dummies of the index to take the value one (apart
from the case of Honesty and Loan amount divisible 10,000, where the estimated coefficient
is not statistically significant). Similarly, expected income volatility significantly increases

the likelihood of each of the component dummies to take the value one.

4.4 Time-varying propensity to misreport

It seems reasonable that borrower behavior might change over time. For example, |Gross
and Souleles| (2002) find evidence of the time-varying propensity of borrowers to default on
their credit card debt. Hence, it is possible that borrowers’ tendency to misreport may also
change over time. To test prediction, I first estimate quarterly fixed effects based on the

following regression:
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Misreporting Index; = ag + a1 X Quarter; + as X X; + ¢; (5)

where Misreporting Index; is the misreporting index value for loan i. Quarter; is a
vector of dummies indicating the quarter during which the loan was issued. X; is a vector
of control variables, as described above.

The estimated quarter fixed effects are shown in Figure [I5] There is a notable increase
in suspect loans from the second half of 2017 onward. This increase appears to coincide with
the inauguration of Donald Trump as the president of the United States in Q1 2017 and
the subsequent debate on the truthfulness or lack thereof in politics and public debate more
broadly. This naturally prompts the question whether this finding has something to do with
the political climate and whether misreporting has become more socially acceptable during
this period.

The psychology literature suggests that our perception of normal does affect our behavior.
Bear and Knobe| (2017)) find that when people think about what is normal, they combine their
sense of what is typical with their sense of what is ideal. Therefore, if the perceived typical
level of truthfulness changes, this may not simply begin to be regarded as more typical, but
also as more normal. It is therefore possible that the increased exposure to obvious lying by
politicians and the related media coverage has lowered the bar for misreporting.

On the other hand, it is equally possible that borrower behavior did not fundamentally
change during this period, but the platform itself changed its underwriting criteria or plat-
form layout such that it facilitated loans with higher Misreporting Index values. There is
no perfect way for me to check this, as the exact underwriting criteria are not disclosed by
Lending Club. A more thorough investigation of the dynamics of the different index com-
ponents, included in the Internet Appendix, suggests that the upward shift in misreporting
comes primarily from the roundness of loan amounts. However, Lending Club Investor Re-
lations, in an e-mail replying to my question, said that there had been no “major changes
that would specifically affect the average loan amount”. If this is accurate, it would suggest
that the shift is driven by borrower behavior.

While I cannot identify the exact channel, I nevertheless test whether the propensity to
misreport changes following the Trump inauguration, and whether there are cross-sectional
differences depending on the borrower characteristics. I do this by performing the following

regression:
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Misreporting Index; =cag + o X Post; x In(Annual income);
+ ay X Post; + ag X In(Annual income); (6)
+ a4 X Xz + €;

The results are shown in Panel A of Table [6] They show that misreporting increases
significantly following the Trump inauguration. Furthermore, the increase is significantly
larger within low-income borrowers. In Panel B, I replace the borrower income with an
indicator variable of borrower credit grade. The results show that the increase in misreporting

is significantly larger within low-credit-grade borrowers.

5 Additional analysis and robustness checks

5.1 Index components

Panel A of Table [7|shows the default regression analysis separately for each of the five Misre-
porting Index components. We see that each of the indicators is associated with significantly
higher likelihood of default. The estimated coefficient is largest for Suspect amount, suggest-
ing that it increases the likelihood of default the most of the three. In column 7, I include
all components in the same regression. All five components remain statistically significant,
suggesting that each indicator adds valuable information that is not captured by the other
components of the index.

Panel B shows the same analysis for loan interest rates. The only estimated coefficient
that is significantly different from zero is that for Income divisible 5,000. However, this
coefficient is negative, suggesting that the higher default risk receives negative compensation.

Panel C shows the results for loss given default. Here, the estimated coeficients are
positive and significant for all variables except the two indicators of loan amount roundness,
which are not statistically significant. The economic magnitude of all of these effects remains

very small, suggesting the differences are unlikely to matter much for loan investor returns.

5.2 Sensitivity of index components to functional forms

The components of the Misreporting Index rely on discontinuities in the three variables that
I use the construct the index: loan / revolving balance ratio, loan amount, and reported
income. In my base regression specification, I control for each of these continuous variables.
To make sure that the apparent discontinuities are not driven by misspecified functional

form of the control variables, I perform two additional analyses.

16



First, I perform the default analysis with a flexible polynomial form of each continuous
variable used to determine index variable thresholds. I include as controls polynomial terms
up to sixth degree for each of the three index variables: loan/revolving balance ratio, annual
income, and loan amount. The results are shown in Table [8| Each of the index components
remains significantly positively associated with the likelihood of default.

Second, I perform the default likelihood regressions for each of the index component vari-
ables, but only include loans where the continuous variable is very near the round threshold.
This mitigates the potential concern that the results could be driven by misspecification, as
the functional form of the control variable should not matter much as long as the values are
very close to each other. Given the sample for each index component includes a set of loans
around each threshold, I include dummies for each threshold and assign each loan to the
dummy indicating the nearest round threshold. In other words, for the analysis with Income
divisible 10,000, 1 include the loans where the loan amount is divisible by 10,000, or where
the loan amount is at maximum 1,000 below or above a multiple of 10,000. So the sample
includes loan amounts in the ranges 9,000-11,000, 19,000-21,000, and so on. The results
are shown in Table [0, with the bandwidth around thresholds indicated above each model.
All of the index component variables remain statistically significantly associated with higher
default risk.

These findings suggest that the index components are quite robust to different model

specifications and represent genuine discontinuities in the index variables.

5.3 Income verification

Some of the borrowers provide a proof of income, typically a pay slip. This allows com-
paring borrowers with verified income to those without verification. Hence, I perform a
regression analysis of the likelihood of default depending on income roundness separately for
the subsample of loans where the income is verified, and for those where it is not.

The results are shown in Table Panel A shows the results for the full sample of loans.
Panel B includes only the loans where borrower income is verified, and Panel C includes
the loans without income verification. Interestingly, round income remains associated with
significantly higher likelihood of default even when the income is verified. There are at
least two alternative explanations for this finding. First, it may be that there is genuine
uncertainty about the annual income, even when in possession of a monthly pay slip. This is
most obviously the case when the borrower income includes a meaningful variable component.
Second, the income verification process by the platform necessarily allows some margin of

error (or ambiguity), and hence enables borrowers to smireport income, as long as it is within
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reasonable limits.

6 Conclusion

I find that easily observable indicators of potential misreporting, based on consistency of
the stated purpose with loan characteristics and behavioral cues, can be used to identify
suspicious P2P loans. The Misreporting Index I construct of these indicators has significant
predictive power over loan default rates. I also show that the loan pricing on the Lending
Club platform does not appear to account for the increased default risk associated with loans
with a higher Misreporting Index value.

These findings can help the rapidly growing pool of investors active in marketplace lending
to make better investment decisions by incorporating signs of misreporting into their decision
making process. More generally, the findings should be of interest to anyone designing
automated credit grading algorithms or making credit decisions.

My findings on the determinants of misreporting provide additional context to existing
studies of the implications of the reliance on round numbers in other contexts. I show sugges-
tive evidence that my Misreporting Index captures elements of both deliberate misreporting
and genuine uncertainty. Of course, for purposes of credit analysis alone, one could argue
that the disctinction is irrelevant, as long as the index can predict defaults. But for making
generalizations of the findings for other purposes, this point is significant.

The time trends of misreporting are also intriguing. There seems to be a substantial
increase in misreporting which coincides with the Trump inauguration and the subsequent
public debate about lying for political purposes and “fake news”. On the other hand, the
P2P sector generally and Lending Club specifically have been going through challenging
times during the last few years, which could have caused them to become more aggressive on
loan underwriting. This, in principle, could have driven some of the shift as well. Whether
this is a co-incidence, a sign of a moral erosion manifested in the domain of P2P loans, or a

reflection of changes made in the platform remains an important topic for further research.
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Appendix A: Definitions of variables

Variable

Definition

Interest

Loan amount

Term 5 years

Loan / revolving balance

Current performing

Fully paid
Loan late

Default
Prepaid

Misreporting Index

Suspect amount

Suspect amount above
Suspect amount below
Income divisible 5,000
Income divisible 10,000

Loan amount divisible 5,000
Loan amount divisible 10,000

Annual income
Debt / income

Employment length
No employment length

Revolving balance
Revolving utilization
Total accounts

Open accounts
Home owned

Home mortgaged

Honesty

Income volatility

The loan interest, set by Lending Club.

The loan amount chosen by the borrower.

Dummy taking the value 1 if the loan term is 5 years, zero if the
loan term is 3 years.

Loan amount divided by the outstanding revolving balance of the
borrower.

Dummy taking the value 1 if the loan is still outstanding and
performing.

Dummy taking the value 1 if the loan has been paid in full.
Dummy taking the value 1 if the loan payment is late by up

to 120 days.

Dummy taking the value 1 if the loan status is classified as
“default” or “charged off”.

Dummy taking the value 1 if the loan has been paid in full
before maturity.

Calculated as the sum of five dummies: Suspect amount,

Income dwvistble 5,000, Income divisible 10,000,

Loan amount divisible 5,000, and Loan amount divisible 10,000.
Dummy taking the value 1 if the loan / revolving balance ratio

is below 0.9 or above 1.1.

Dummy taking the value 1 if the loan / revolving balance ratio

is above 1.1.

Dummy taking the value 1 if the loan / revolving balance ratio

is below 0.9.

Dummy taking the value 1 if the reported borrower income is
divisible by 5,000.

Dummy taking the value 1 if the reported borrower income is
divisible by 10,000.

Dummy taking the value 1 if the loan amount is divisible

by 5,000.

Dummy taking the value 1 if the loan amount is divisible

by 10,000.

The reported annual income of the borrower.

The borrower’s debt/income ratio, calculated as monthly debt
payments divided by monthly income.

The reported length of the borrower’s current employment.
Dummy taking the value 1 if the length of employment is

not reported.

The outstanding revolving credit balance of the borrower.

The revolving credit utilization of the borrower.

The total number of credit lines in the borrower’s credit file.

The number of open credit lines in the borrower’s credit file.
Dummy taking the value 1 of the home ownership status
provided by the borrower is “own”.

Dummy taking the value 1 of the home ownership status
provided by the borrower is “mortgage”.

The percentage of respondents that rank the honesty of people in
borrower’s profession very high or high in an annual Gallup survey.
Expected income volatility based on borrower employment title, using
occupation-level averages of biannual income volatility calculated with
data from the Panel Study of Income Dynamics (PSID) in 2007-2015.
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Appendix B: Summary of the sample

This table summarizes how I filter the sample. My initial raw data include all Lending Club loans
issued until Q 2018. For my analysis, I only include loans where the stated purpose of the loan is
either credit card repayment or debt consolidation. For the analysis of historical default rates, 1
exclude current loans.

Number of loans % of total
Lending Club — all loans 2007 - Q2 2018 2,004,058
Of which Credit card & debt consolidation (full sample) 1,584,127 79%
Of which non-current (default analysis sample) 905,316 45%
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Figure 1: Number of loans by purpose

Distribution of loans by stated purpose. Includes all loans issued on Lending Club from 2007 until
Q2 2018.

B debt_consolidation B credit_card
B home_improvement [ other
P major_purchase B medical
[ small_business car
B moving [ vacation
B house T wedding
renewable_energy educational
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Figure 2: Loan amount / revolving balance — distribution

Distribution of loans by the loan amount / revolving balance ratio, shown separately for loans taken
for credit card and debt consolidation, and for other purposes. Includes all loans issued on Lending
Club from 2007 until Q2 2018. The red lines are drawn at 0.9 and 1.1. I define credit card and
debt consolidation loan amounts outside this range as “suspicious”.
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Figure 3: Mean default rate - credit card and debt consolidation

Average default rate of loans by the loan amount / revolving balance ratio. Includes all loans issued
on Lending Club for the purpose of credit card or debt consolidation from 2007 until Q2 2018. The
red lines are drawn at 0.9 and 1.1. I define credit card and debt consolidation loan amounts outside
this range as “suspicious”.
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B: Residual from regression of Default on subgrade dummies and interest
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Figure 4: Mean default rate - other purposes

Average default rate of loans by the loan amount / revolving balance ratio. Includes all loans issued
on Lending Club for purposes other than credit card or debt consolidation from 2007 until Q2 2018.
The red lines are drawn at 0.9 and 1.1. I define credit card and debt consolidation loan amounts
outside this range as “suspicious”.
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Figure 5: Annual income distribution

Distribution of loans by reported annual income of the borrower. Includes all credit card and debt
consolidation loans issued on Lending Club from 2007 until Q2 2018.
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Figure 6: Loan amount distribution

Distribution of loans by loan amount. Includes all credit card and debt consolidation loans issued
on Lending Club from 2007 until Q2 2018.
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Figure 7: Revolving balance distribution

Distribution of loans by outstanding revolving balance of the borrower. Includes all credit card and
debt consolidation loans issued on Lending Club from 2007 until Q2 2018.
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Figure 8: Misreporting Index - quarter fixed effects

Estimated quarter fixed effects from a regression of Misreporting Index on a full set of control vari-

ables on loan, borrower, and location characteristics. Includes all credit card and debt consolidation

loans issued on Lending Club from 2010 until Q2 2018.
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Table 1
Loans by year

Number of loans divided into suspicious and other loans. Includes all credit card and debt

consolidation loans issued on Lending Club from 2010 until Q2 2018.

Number of loans by status

Fully paid Defaulted Current Total
2007 227 67 294
2008 1,109 266 1,375
2009 2,472 348 2,820
2010 6,306 968 7,274
2011 11,438 2,052 13,490
2012 34,503 6,673 41,176
2013 94,038 17,450 1,957 113,445
2014 148,393 33,837 16,298 198,528
2015 218,073 59,438 74,534 352,045
2016 128,669 45,030 166,809 340,508
2017 67,085 16,344 253,120 336,549
2018 9,905 625 166,093 176,623
Total 722,218 183,098 678,811 1,684,127
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Table 2
Summary statistics

Summary statistics for the sample, including mean, standard deviation, and key percentiles.
Variables are defined in Appendix A.

Mean Std p25 p50 P75
Loan variables
Interest (%) 13.043 4.710 9.670 12.620 15.610
Loan amount (’000) 15.653 8.857 9.000 14.000 20.300
Term 5 years 0.301 0.459 0.000 0.000 1.000
Loan / rev. balance 3.878 136.106 0.726 1.059 1.638
Loan status
Current performing 0.408 0.491 0.000 0.000 1.000
Fully paid 0.456 0.498 0.000 0.000 1.000
Loan late 0.020 0.141 0.000 0.000 0.000
Default 0.116 0.320 0.000 0.000 0.000
Outcome (mature only)
Prepaid 0.604 0.489 0.000 1.000 1.000
Fully paid 0.194 0.395 0.000 0.000 0.000
Default 0.202 0.402 0.000 0.000 0.000
Misreporting
Misreporting Index 2.133 1.263 1.000 2.000 3.000
Suspect amount 0.839 0.368 1.000 1.000 1.000
Suspect amt. above 0.473 0.499 0.000 0.000 1.000
Suspect amt. below 0.365 0.482 0.000 0.000 1.000
Income div. 5,000 0.491 0.500 0.000 0.000 1.000
Income div. 10,000 0.293 0.455 0.000 0.000 1.000
Loan amt. div. 5,000 0.334 0.472 0.000 0.000 1.000
Loan amt. div. 10,000 0.177 0.382 0.000 0.000 0.000
Borrower
Annual income (’000) 76.717 121.890 46.000 65.000 91.000
Debt / income (%) 19.251 13.214 12.600 18.380 24.840
Employment length (y.) 5.610 3.866 2.000 6.000 10.000
No employment length 0.060 0.237 0.000 0.000 0.000
Rev. balance (’000) 17.583 22.471 6.878 12.328 21.383
Revolving util. (%) 53.219 23.569 35.500 53.300 71.300
Total accounts 24.701 11.922 16.000 23.000 31.000
Open accounts 11.843 5.590 8.000 11.000 15.000
Home owned 0.104 0.306 0.000 0.000 0.000
Home mortgaged 0.487 0.500 0.000 0.000 1.000
Honesty 0.396 0.257 0.170 0.377 0.645
Income volatility 0.312 0.060 0.279 0.305 0.338
N 1,584,127
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Table 3
Likelihood of default vs. Misreporting Index

The dependent variable, Default, is a dummy taking the value one if the loan defaulted. Variables
are defined in Appendix A. I include Sub-grade x Year fixed effects based on the credit grade
assigned by Lending Club (35 grades times 12 years), Purpose fized effects (credit card or debt
consolidation), 3-digit zip fized effects (955 zip codes) based on the address of the borrower,
and Year-month x Term fized effects (133 months times two alternative terms). Includes all
non-current credit card and debt consolidation loans. Heteroscedasticity-consistent standard
errors, double-clustered by sub-grade and issue month, are shown in parentheses.

Panel A: Misreporting Index as continuous variable

(1) (2) 3) (4) (5)
Misreporting Index 0.0048%** 0.0077*** 0.0074*** 0.0079%** 0.0082%**
(0.0006) (0.0006) (0.0006) (0.0006) (0.0005)
In(Loan amount) 0.0413%** 0.04171%** 0.0259%** 0.0248%**
(0.0053) (0.0052) (0.0034) (0.0033)
Loan / rev. balance —0.0000* —0.0000 —0.0000* —0.0000
(0.0000) (0.0000) (0.0000) (0.0000)
In(Annual income) —0.0424%**  —0.0401***  —0.0395%*F*  —0.0382%***
(0.0042) (0.0039) (0.0037) (0.0035)
Debt / income (%) 0.0011%%* 0.0010%** 0.0011%** 0.0010%**
(0.0002) (0.0002) (0.0002) (0.0002)
In(1 + Emp. length) 0.0006 —0.0009 —0.0013* —0.0012%*
(0.0006) (0.0006) (0.0007) (0.0007)
No employment length 0.0698*** 0.0663*** 0.0714*** 0.0718%**
(0.0048) (0.0047) (0.0045) (0.0045)
In(Revolving balance) —0.0167***  —0.0155%**  —0.0174***  —0.0177***
(0.0023) (0.0021) (0.0023) (0.0023)
Revolving util. (%) 0.0005*** 0.0005%** 0.0007*** 0.0008***
(0.0001) (0.0001) (0.0001) (0.0001)
In(Open accounts) 0.0514%+* 0.0507*+* 0.0567#+* 0.0579%**
(0.0051) (0.0051) (0.0055) (0.0054)
In(Total accounts) —0.0154***  —0.0161***  —0.0215%**  —0.0215%**
(0.0028) (0.0029) (0.0032) (0.0031)
Home owned —0.0269***  —0.0334***  —0.0337FF*  —0.0339%***
(0.0031) (0.0037) (0.0035) (0.0035)
Home mortgaged —0.0449***  —0.0491***  —0.0530%**  —0.0538%***
(0.0044) (0.0048) (0.0048) (0.0048)
Sub-grade FE Yes Yes Yes Yes No
Sub-grade x Year FE No No No No Yes
Purpose FE No Yes Yes Yes Yes
3-digit zip FE No No Yes Yes Yes
Year-Quarter FE No Yes Yes No No
Year-month x Term FE No No No Yes Yes
N 905,316 903,073 903,040 903,040 903,038
R? 0.075 0.096 0.100 0.107 0.109

Significance levels: * 0.1, ** 0.05, *** 0.01.
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Panel B: Misreporting Index value dummies

(1) (2) (3) (4) (5)
Misreporting Index=1 0.0140%** 0.0199*** 0.0201*** 0.0201%** 0.0195%**
(0.0019) (0.0020) (0.0020) (0.0019) (0.0019)
Misreporting Index=2 0.0161%** 0.0261%** 0.0258%** 0.0261%** 0.0262%**
(0.0021) (0.0024) (0.0024) (0.0024) (0.0024)
Misreporting Index=3 0.0189%** 0.0320%** 0.0316%** 0.0320%** 0.0320%**
(0.0019) (0.0021) (0.0022) (0.0021) (0.0021)
Misreporting Index=4 0.0263*** 0.0394*** 0.0388*** 0.0415*** 0.0423***
(0.0030) (0.0031) (0.0031) (0.0032) (0.0032)
Misreporting Index=5 0.0347*%* 0.0479*** 0.0472%** 0.0496*** 0.0504***
(0.0037) (0.0038) (0.0037) (0.0038) (0.0037)
In(Loan amount) 0.0416%** 0.0414%+* 0.0261*** 0.0250%**
(0.0053) (0.0052) (0.0034) (0.0032)
Loan / rev. balance —0.0000* —0.0000 —0.0000 —0.0000
(0.0000) (0.0000) (0.0000) (0.0000)
In(Annual income) —0.0425%** —0.0402%** —0.0396%** —0.0383%**
(0.0042) (0.0039) (0.0037) (0.0036)
Debt / income (%) 0.0011%** 0.0010%** 0.0011%+* 0.0010%**
(0.0002) (0.0002) (0.0002) (0.0002)
In(1 + Emp. length) 0.0005 —0.0010 —0.0014** —0.0013*
(0.0006) (0.0007) (0.0007) (0.0007)
No employment length 0.0696*** 0.0661*** 0.0712%%* 0.0716%**
(0.0048) (0.0048) (0.0045) (0.0045)
In(Revolving balance) —0.0166***  —0.0154***  —0.0173***  —0.0176%**
(0.0022) (0.0021) (0.0023) (0.0023)
Revolving util. (%) 0.0005*** 0.0005%** 0.0007*** 0.0008***
(0.0001) (0.0001) (0.0001) (0.0001)
In(Open accounts) 0.0515%** 0.0508%*** 0.0569*** 0.05817%**
(0.0051) (0.0051) (0.0055) (0.0054)
In(Total accounts) —0.0155%**  —0.0162***  —0.0216***  —0.0217***
(0.0028) (0.0029) (0.0032) (0.0031)
Home owned —0.0270*** —0.0335%** —0.0338*** —0.0339%**
(0.0031) (0.0037) (0.0035) (0.0035)
Home mortgaged —0.0450***  —0.0492***  —0.0531*F**  —0.0539%***
(0.0044) (0.0048) (0.0048) (0.0048)
Sub-grade FE Yes Yes Yes Yes No
Sub-grade x Year FE No No No No Yes
Purpose FE No Yes Yes Yes Yes
3-digit zip FE No No Yes Yes Yes
Year-Quarter FE No Yes Yes No No
Year-month x Term FE No No No Yes Yes
N 905,316 903,073 903,040 903,040 903,038
R? 0.075 0.096 0.100 0.107 0.109

Significance levels: * 0.1, ** 0.05, *** 0.01. Standard errors in parentheses.
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Table 4

Interest rate and loss given default

The dependent variable is shown above each model.

the loan. Loss given default is the

proportion of loan principal lost following default.

Interest is the annual interest rate of

Control

variables are the same as in Table Bl Columns 1-3 include all non-current credit card and debt

consolidation loans.

Columns 4-6 include all defaulted credit card and debt consolidation loans.

Heteroscedasticity-consistent standard errors, double-clustered by sub-grade and issue month, are

shown in parentheses.

Interest (%) Loss given default

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

Misreporting Index —0.0075 —0.0028* —0.0004 0.0088***  0.0014***  (0.0014***
(0.0067) (0.0017) (0.0003) (0.0007) (0.0004) (0.0004)

In(Loan amount) 0.0179** 0.0035 —0.0046***  —0.0039***
(0.0076) (0.0028) (0.0013) (0.0013)
Loan / rev. balance —0.0000 —0.0000 0.0000 0.0000
(0.0000) (0.0000) (0.0000) (0.0000)

In(Annual income) —0.0309*** —0.0052 0.0104**%*  0.0103***
(0.0102) (0.0034) (0.0016) (0.0016)

Debt / income (%) 0.0013***  —0.0003** 0.0005***  0.0005***
(0.0004) (0.0001) (0.0001) (0.0001)

In(1 + Emp. length) 0.0029* 0.0013** —0.0084***  —(.0084***
(0.0016) (0.0006) (0.0007) (0.0008)

No employment length —0.0084 0.0037 —0.0227%FF*  —(0.0231%**
(0.0066) (0.0024) (0.0025) (0.0025)

In(Revolving balance) 0.0144***  0.0006 0.0044***  0.0046***
(0.0051) (0.0010) (0.0007) (0.0007)

Revolving util. (%) —0.0006** 0.0000 —0.0003***  —0.0003***
(0.0003) (0.0000) (0.0000) (0.0000)

In(Open accounts) —0.0107 0.0013 —0.0279***  —0.0284***
(0.0078) (0.0017) (0.0014) (0.0014)

In(Total accounts) —0.0029 —0.0034* 0.0173***  0.0176%**
(0.0054) (0.0018) (0.0014) (0.0013)
Home owned 0.0012 0.0022* 0.0012 0.0013
(0.0032) (0.0012) (0.0012) (0.0012)
Home mortgaged —0.0026 0.0011 0.0012 0.0014
(0.0037) (0.0010) (0.0010) (0.0010)
Sub-grade FE Yes Yes No Yes Yes No
Sub-grade x Year FE No No Yes No No Yes
Purpose FE No Yes Yes No Yes Yes
3-digit zip FE No Yes Yes No Yes Yes
Year-month x Term FE No Yes Yes No Yes Yes
N 905,316 903,040 903,038 183,098 182,663 182,651
R? 0.953 0.979 0.996 0.109 0.307 0.310

Significance levels: * 0.1,

** 0.05, *** 0.01. Standard errors in parentheses.
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The dependent variable is shown above each Panel.
the credit grade assigned by Lending Club (35 grades), Purpose fized effects (credit card or debt
consolidation), 3-digit zip fized effects (955 zip codes) based on the address of the borrower, and
Year-month x Term fized effects (133 months times two alternative terms). Includes all credit card
and debt consolidation loans. Heteroscedasticity-consistent standard errors, double-clustered by

Table 5
Honesty vs. uncertainty

sub-grade and issue month, are shown in parentheses.

Panel A: Misreporting Index

I include Sub-grade fized effects based on

(1) (2) (3) (4)
Social capital (SK) —0.0486*** —0.0478***
(0.0038) (0.0048)
Honesty —0.2053%** —0.0880***
(0.0105) (0.0097)
Income volatility 1.6423*** 1.5312%**
(0.0510) (0.0590)
Controls Yes Yes Yes Yes
Sub-grade x Year FE Yes Yes Yes Yes
Purpose FE Yes Yes Yes Yes
State FE Yes No No Yes
3-digit zip FE No Yes Yes No
Year-month x Term FE Yes Yes Yes Yes
N 1,569,763 401,350 723,134 391,166
R? 0.096 0.110 0.098 0.109
Panel B: Suspect amount
(1) (2) 3) (4)
Social capital (SK) —0.0014 —0.0035
(0.0012) (0.0021)
Honesty —0.0205%** —0.0159%**
(0.0028) (0.0031)
Income volatility 0.0770*** 0.0561***
(0.0076) (0.0073)
Controls Yes Yes Yes Yes
Sub-grade x Year FE Yes Yes Yes Yes
Purpose FE Yes Yes Yes Yes
State FE Yes No No Yes
3-digit zip FE No Yes Yes No
Year-month x Term FE Yes Yes Yes Yes
N 1,569,763 401,350 723,134 391,166
R? 0.024 0.027 0.027 0.025

Significance levels: * 0.1, ** 0.05, *** 0.01. Standard errors in parentheses.
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Panel C: Loan amount divisible

Amount div. 5,000 Amount div. 10,000

(1) (2) (3) (4) (5) (6)
Social capital (SK) —0.0089*** —0.0059***
(0.0012) (0.0009)
Honesty —0.0084** 0.0017
(0.0040) (0.0030)
Income volatility 0.1563*** 0.0429**
(0.0178) (0.0189)
Controls Yes Yes Yes Yes Yes Yes
Sub-grade x Year FE Yes Yes Yes Yes Yes Yes
Purpose FE Yes Yes Yes Yes Yes Yes
State FE Yes No No Yes No No
3-digit zip FE No Yes Yes No Yes Yes
Year-month x Term FE Yes Yes Yes Yes Yes Yes
N 1,569,763 401,350 723,134 1,569,763 401,350 723,134
R? 0.093 0.103 0.096 0.046 0.046 0.046

Panel D: Annual income divisible

Income div. 5,000 Income div. 10,000

(1) (2) (3) (4) (5) (6)
Social capital (SK) —0.0185%** —0.0138***

(0.0013) (0.0013)
Honesty —0.1135%** —0.0646%**

(0.0040) (0.0029)
Income volatility 0.7713%** 0.5948***
(0.0203) (0.0198)

Controls Yes Yes Yes Yes Yes Yes
Sub-grade x Year FE Yes Yes Yes Yes Yes Yes
Purpose FE Yes Yes Yes Yes Yes Yes
State FE Yes No No Yes No No
3-digit zip FE No Yes Yes No Yes Yes
Year-month x Term FE Yes Yes Yes Yes Yes Yes
N 1,569,763 401,350 723,134 1,569,763 401,350 723,134
R? 0.060 0.069 0.059 0.043 0.056 0.046

Significance levels: * 0.1, ** 0.05, *** 0.01. Standard errors in parentheses.
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Table 6
Misreporting vs. borrower income and credit grade

The dependent variable is Misreporting Index. Post is a dummy taking the value one if the loan is
issued after Trump inauguration. Control variables are the same as in Table |3] Includes all credit
card and debt consolidation loans. Heteroscedasticity-consistent standard errors, double-clustered
by sub-grade and issue month, are shown in parentheses.

Panel A: By borrower income

(1) (2)
Post x In(Income) —0.0356** —0.0345%*
(0.0140) (0.0147)
Post 0.5558***
(0.1669)
In(Annual income) 0.54527%** 0.5347***
(0.0104) (0.0099)
Controls Yes Yes
Sub-grade FE Yes No
Sub-grade x Year FE No Yes
Year-month x Term FE No Yes
Purpose FE Yes Yes
3-digit zip FE Yes Yes
N 1,578,919 1,578,918
R? 0.093 0.098
Panel B: By credit grade
(1) (2) (3)
Post x Low grade 0.0952%*+* 0.0874*** 0.0324***
(0.0127) (0.0128) (0.0067)
Post 0.1414%%* 0.1427#%*
(0.0231) (0.0232)
Low grade —0.1186***
(0.0179)
Controls Yes Yes Yes
Sub-grade FE No Yes No
Sub-grade x Year FE No No Yes
Year-month x Term FE No No Yes
Purpose FE Yes Yes Yes
3-digit zip FE Yes Yes Yes
N 1,578,919 1,578,919 1,578,918
R? 0.093 0.093 0.098

Significance levels: * 0.1, ** 0.05, *** 0.01. Standard errors in parentheses.
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Table 7

Index components

The dependent variable in Panel A is Default, a dummy taking the value one if the loan defaulted, in Panel BlInterest, the annual
interest rate of the loan, and in Panel C Loss given default, the proportion of loan principal lost following default. Control variables are
the same as in Table |3| Includes all non-current credit card and debt consolidation loans. Heteroscedasticity-consistent standard errors,
double-clustered by sub-grade and issue month, are shown in parentheses.

Panel A: Likelihood of default

(1) (2)

(3)

(4) ()

(7)

(8)

Suspect amount 0.0221%** 0.0220%***
(0.0016) (0.0016)
Suspect amt. above 0.0195%** 0.0193***
(0.0013) (0.0013)
Suspect amt. below 0.0248%*** 0.0249%**
(0.0025) (0.0025)
Income div. 5,000 0.0140*** 0.0118***%  (0.0118%**
(0.0009) (0.0009) (0.0009)
Income div. 10,000 0.0118%** 0.0033***  (0.0033%**
(0.0011) (0.0012) (0.0012)
Loan amt. div. 5,000 0.0084*** 0.0044** 0.0044**
(0.0017) (0.0021) (0.0021)
Loan amt. div. 10,000 0.0107***  0.0068***  (0.0068***
(0.0013) (0.0016) (0.0016)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Sub-grade x Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Purpose FE Yes Yes Yes Yes Yes Yes Yes Yes
3-digit zip FE Yes Yes Yes Yes Yes Yes Yes Yes
Year-month x Term FE Yes Yes Yes Yes Yes Yes Yes Yes
N 903,038 903,038 903,038 903,038 903,038 903,038 903,038 903,038
R? 0.109 0.109 0.109 0.109 0.109 0.109 0.109 0.109

Significance levels: * 0.1, ** 0.05, *** 0.01. Standard errors in parentheses.
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Panel B: Interest

(1) (2) (3) (4) (5) (6) (7) (8)
Suspect amount —0.0000 —0.0000
(0.0010) (0.0010)

Suspect amt. above —0.0009 —0.0009
(0.0014) (0.0014)
Suspect amt. below 0.0009 0.0009
(0.0013) (0.0013)

Income div. 5,000 —0.0020%** —0.0028***  —(0.0028***
(0.0006) (0.0009) (0.0009)
Income div. 10,000 —0.0005 0.0014 0.0014
(0.0008) (0.0011) (0.0011)
Loan amt. div. 5,000 0.0005 0.0013 0.0013
(0.0009) (0.0013) (0.0013)
Loan amt. div. 10,000 —0.0004 —0.0014 —0.0014
(0.0010) (0.0015) (0.0015)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Sub-grade x Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Purpose FE Yes Yes Yes Yes Yes Yes Yes Yes
3-digit zip FE Yes Yes Yes Yes Yes Yes Yes Yes
Year-month x Term FE Yes Yes Yes Yes Yes Yes Yes Yes
N 903,038 903,038 903,038 903,038 903,038 903,038 903,038 903,038
R? 0.996 0.996 0.996 0.996 0.996 0.996 0.996 0.996

Significance levels: * 0.1, ** 0.05, *** 0.01. Standard errors in parentheses.
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Panel C: Loss given default

(1) (2) (3) (4) (5) (6) (7) (8)
Suspect amount 0.0091*** 0.0090***
(0.0014) (0.0014)
Suspect amt. above 0.0031* 0.0030*
(0.0016) (0.0016)
Suspect amt. below 0.0157*** 0.0157***
(0.0013) (0.0013)
Income div. 5,000 0.0033%** 0.0034**F*  (0.0034%**
(0.0009) (0.0010) (0.0010)
Income div. 10,000 0.0022%** —0.0001 —0.0001
(0.0009) (0.0011) (0.0011)
Loan amt. div. 5,000 —0.0012 —0.0015 —0.0015
(0.0011) (0.0013) (0.0013)
Loan amt. div. 10,000 —0.0006 0.0004 0.0005
(0.0012) (0.0015) (0.0015)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Sub-grade x Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Purpose FE Yes Yes Yes Yes Yes Yes Yes Yes
3-digit zip FE Yes Yes Yes Yes Yes Yes Yes Yes
Year-month x Term FE Yes Yes Yes Yes Yes Yes Yes Yes
N 182,651 182,651 182,651 182,651 182,651 182,651 182,651 182,651
R? 0.310 0.311 0.310 0.310 0.310 0.310 0.310 0.311

Significance levels: * 0.1, ** 0.05, *** 0.01. Standard errors in parentheses.
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Table 8

Likelihood of default — flexible functional forms

The dependent variable, Default, is a dummy taking the value one if the loan defaulted. Control variables are the same as in Table
except that the models include first to sixth degree polynomial terms for the variables Loan/rev. balance, Annual income, and Loan
amount, as indicated. Includes all non-current credit card and debt consolidation loans. Heteroscedasticity-consistent standard errors,
double-clustered by sub-grade and issue month, are shown in parentheses.

(1) (2) 3) (4) (5) (6) (7)

Misreporting Index 0.0082%*+*
(0.0006)
Suspect amount 0.0221*%*
(0.0016)
Suspect amt. above 0.0193***
(0.0012)
Suspect amt. below 0.0250***
(0.0025)
Income div. 5,000 0.0137***
(0.0009)
Income div. 10,000 0.0116%**
(0.0011)
Loan amt. div. 5,000 0.0104***
(0.0016)

Loan amt. div. 10,000 0.0096***

(0.0015)
Loan/oustanding balance: 1st - 6th degree terms Yes Yes Yes Yes Yes Yes Yes
Annual income: 1st - 6th degree terms Yes No No Yes Yes No No
Loan amount: 1st - 6th degree terms Yes No No No No Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes
Sub-grade x Year FE Yes Yes Yes Yes Yes Yes Yes
Purpose FE Yes Yes Yes Yes Yes Yes Yes
3-digit zip FE Yes Yes Yes Yes Yes Yes Yes
Year-month x Term FE Yes Yes Yes Yes Yes Yes Yes
N 903,038 903,038 903,038 903,038 903,038 903,038 903,038
R? 0.109 0.109 0.109 0.109 0.109 0.109 0.109

Significance levels: * 0.1, ** 0.05, *** 0.01. Standard errors in parentheses.



Table 9
Likelihood of default — narrow bands around thresholds

The dependent variable, Default, is a dummy taking the value one if the loan defaulted. Control
variables are the same as in Table |3l The bandwidth of the variable around the index component
threshold is shown above each model. Includes all non-current credit card and debt consolidation
loans. Heteroscedasticity-consistent standard errors, double-clustered by sub-grade and issue
month, are shown in parentheses.

Loan/rev. balance Annual income Loan amount
(1) (2) (3) (4) (5)
+0.2 41,000 41,000 41,000 42,000
Suspect amount 0.0043***
(0.0011)
Income div. 5,000 0.0065%**
(0.0006)
Income div. 10,000 0.0078%*#*
(0.0013)
Loan amt. div. 5,000 0.0037***
(0.0011)

Loan amt. div. 10,000 0.0064***

(0.0016)
Controls Yes Yes Yes Yes Yes
Round threshold dummies No Yes Yes Yes Yes
Sub-grade x Year FE Yes Yes Yes Yes Yes
Purpose FE Yes Yes Yes Yes Yes
3-digit zip FE Yes Yes Yes Yes Yes
Year-month x Term FE Yes Yes Yes Yes Yes
N 639,958 1,090,780 594,935 978,273 518,989
R? 0.092 0.098 0.099 0.096 0.101

Significance levels: * 0.1, ** 0.05, *** 0.01. Standard errors in parentheses.
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Income roundness and verification status

The dependent variable, Default, is a dummy taking the value one if the loan defaulted. I include
Sub-grade x Year fized effects based on the credit grade assigned by Lending Club (35 grades times
12 years), Purpose fized effects (credit card or debt consolidation), State fized effects or 3-digit zip
fized effects (955 zip codes) based on the address of the borrower, and Year-month x Term fized
effects (133 months times two alternative terms). Includes all non-current credit card and debt
consolidation loans. Heteroscedasticity-consistent standard errors, double-clustered by sub-grade

Table 10

and issue month, are shown in parentheses.

Panel A: All loans

(1)

(2)

(3)

Income div. 5,000 0.0140%*** 0.0120%***
(0.0009) (0.0010)

Income div. 10,000 0.0118%*** 0.0034***
(0.0011) (0.0012)
Controls Yes Yes Yes
Sub-grade x Year FE Yes Yes Yes
Purpose FE Yes Yes Yes
3-digit zip FE Yes Yes Yes
Year-month x Term FE Yes Yes Yes
N 903,038 903,038 903,038
R? 0.109 0.109 0.109

Panel B: Income verified

(1)

(2)

(3)

Income div. 5,000 0.0116%** 0.0074***
(0.0010) (0.0016)

Income div. 10,000 0.0125%** 0.0071#%*
(0.0016) (0.0023)
Controls Yes Yes Yes
Sub-grade x Year FE Yes Yes Yes
Purpose FE Yes Yes Yes
3-digit zip FE Yes Yes Yes
Year-month x Term FE Yes Yes Yes
N 288,601 288,601 288,601
R? 0.115 0.115 0.115

Significance levels: * 0.1, ** 0.05, *** 0.01. Standard errors in parentheses.
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Panel C: Income not verified

(1) (2) (3)
Income div. 5,000 0.0154*** 0.0144***

(0.0013) (0.0013)
Income div. 10,000 0.0116%*** 0.0017*

(0.0012) (0.0009)

Controls Yes Yes Yes
Sub-grade x Year FE Yes Yes Yes
Purpose FE Yes Yes Yes
3-digit zip FE Yes Yes Yes
Year-month x Term FE Yes Yes Yes
N 614,410 614,410 614,410
R? 0.103 0.103 0.103

Significance levels: * 0.1, ** 0.05, *** 0.01. Standard errors in parentheses.

49



TA.1

Internet Appendix

50



Table TA.1
Summary statistics — means by Misreporting Index value

Means of variables classified by Misreporting Index value.

Suspect Index

0 1 2 3 4 5
Loan variables
Interest (%) 12.707 13.455 12.971 12.897 12.696 12.380
Loan amount (’000) 13.492 13.593 15.938 16.297 20.277 19.357
Term 5 years 0.258 0.286 0.304 0.311 0.334 0.322
Loan / rev. balance 0.999 3.419 3.679 4.507 4.928 6.094
Loan status
Current performing 0.388 0.373 0.407 0.424 0.461 0.498
Fully paid 0.491 0.481 0.458 0.444 0.410 0.382
Loan late 0.016 0.020 0.020 0.021 0.023 0.022
Default 0.105 0.127 0.115 0.111 0.106 0.098
Outcome (mature only)
Prepaid 0.598 0.594 0.610 0.611 0.613 0.613
Fully paid 0.225 0.197 0.190 0.190 0.181 0.183
Default 0.177 0.209 0.200 0.200 0.205 0.204
Suspect loans
Misreporting Index 0.000 1.000 2.000 3.000 4.000 5.000
Suspect amount 0.000 0.902 0.783 0.947 0.891 1.000
Suspect amt. above 0.000 0.502 0.442 0.536 0.512 0.592
Suspect amt. below 0.000 0.400 0.341 0.412 0.380 0.408
Income precision
Income div. 5,000 0.000 0.062 0.659 0.741 1.000 1.000
Income div. 10,000 0.000 0.000 0.132 0.613 0.635 1.000
Loan amt. div. 5,000 0.000 0.036 0.365 0.418 1.000 1.000
Loan amt. div. 10,000 0.000 0.000 0.062 0.281 0.474 1.000
Borrower
Annual income (’000) 59.456 64.172 76.823 83.582 101.087  102.157
Debt / income (%) 19.465 20.175 19.120 18.791 18.131 17.775
Employment length (y.) 5.264 5.520 5.636 5.681 5.821 5.781
No employment length 0.080 0.080 0.051 0.048 0.039 0.041
Rev. balance (’000) 13.547 15.011 17.584 18.833 23.809 22.223
Revolving util. (%) 55.708 53.202 53.250 52.724 53.658 52.100
Total accounts 23.143 24.134 24.907 25.047 25.987 25.400
Open accounts 11.365 11.530 11.959 11.985 12.444 12.218
Home owned 0.103 0.104 0.103 0.104 0.108 0.108
Home mortgaged 0.417 0.462 0.492 0.506 0.536 0.535
Honesty 0.423 0.416 0.394 0.387 0.370 0.373
N 93,834 520,909 340,629 416,385 133,715 78,655
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Figure 9: Suspect amount - quarter fixed effects
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Estimated quarter fixed effects from a regression of Misreporting Index on a full set of control vari-
loans issued on Lending Club from 2010 until Q2 2018.
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Figure 10: Suspect amount above - quarter fixed effects

Estimated quarter fixed effects from a regression of Misreporting Index on a full set of control vari-

ables on loan, borrower, and location characteristics. Includes all credit card and debt consolidation

loans issued on Lending Club from 2010 until Q2 2018.
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Figure 11: Suspect amount below - quarter fixed effects

Estimated quarter fixed effects from a regression of Misreporting Index on a full set of control vari-

ables on loan, borrower, and location characteristics. Includes all credit card and debt consolidation

loans issued on Lending Club from 2010 until Q2 2018.
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Figure 12: Income divisible 10,000 - quarter fixed effects

Estimated quarter fixed effects from a regression of Misreporting Index on a full set of control vari-

ables on loan, borrower, and location characteristics. Includes all credit card and debt consolidation

loans issued on Lending Club from 2010 until Q2 2018.
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Figure 13: Income divisible 5,000 - quarter fixed effects
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ables on loan, borrower, and location characteristics. Includes all credit card and debt consolidation

Estimated quarter fixed effects from a regression of Misreporting Index on a full set of control vari-
loans issued on Lending Club from 2010 until Q2 2018.
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Figure 14: Loan amount divisible 5,000 - quarter fixed effects

Estimated quarter fixed effects from a regression of Misreporting Index on a full set of control vari-

ables on loan, borrower, and location characteristics. Includes all credit card and debt consolidation

loans issued on Lending Club from 2010 until Q2 2018.
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Figure 15: Loan amount divisible 10,000 - quarter fixed effects
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Table TA.2
Robustness check: Loans at least 3 months past maturity only

The dependent variable is shown above each model, Default, is a dummy taking the value one if the
loan defaulted. Variables are defined in Appendix A. I include Sub-grade x Year fized effects based
on the credit grade assigned by Lending Club (35 grades times 12 years), Purpose fized effects
(credit card or debt consolidation), 3-digit zip fized effects (955 zip codes) based on the address
of the borrower, and Year-month x Term fized effects (133 months times two alternative terms).
Includes all non-current credit card and debt consolidation loans. Heteroscedasticity-consistent
standard errors, double-clustered by sub-grade and issue month, are shown in parentheses.

(1) (2) (3)

Default Default Interest
Misreporting Index 0.0053%** —0.0002
(0.0004) (0.0004)
Misreporting Index=1 0.0161%**
(0.0018)
Misreporting Index=2 0.0184%**
(0.0026)
Misreporting Index=3 0.0234%**
(0.0021)
Misreporting Index=4 0.0277%**
(0.0028)
Misreporting Index=5 0.0365***
(0.0035)
Controls Yes Yes Yes
Sub-grade x Year FE Yes Yes Yes
Purpose FE Yes Yes Yes
3-digit zip FE Yes Yes Yes
Year-month x Term FE Yes Yes Yes
N 320,422 320,422 320,422
R? 0.056 0.056 0.996

Significance levels: * 0.1, ** 0.05, *** 0.01. Standard errors in parentheses.
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