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Abstract

Poor loan quality is often attributed to loan officers exercising poor judgment. A
potential solution is to base loans on hard information alone. However, we find
other consequences of bypassing discretion stemming from loan officer incentives
and limits of hard information verifiability. Using unique data where loans are
based on hard information, and loan officers are volume-incentivized, we find
loan officers increasingly use multiple trials to move loans over the cut-off, both
in a regression-discontinuity design and when the cut-off changes. Additional
trials positively predict default suggesting strategic manipulation of information
even when loans are based on hard information alone.
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1. Introduction

Understanding how banks make loans is importané. @rhe questions at
the forefront of the current financial crisis isw@hould the process of loan
making by banks be designed to minimize risks? Maaye argued that part of
the reason for the current financial crisis is plo®r quality of loans made when
loan officers were allowed to exercise their diiore or arbitrarily use their
judgment. One potential solution is to automateltla® making process, basing it
solely on hard information. By taking out discreticor ambiguous soft
information, and relying solely on hard informatidhe argument is that better
decisions and loans would be made.

However, it is unclear if a system where loans raegle solely by hard
information will yield better quality loans. Theage other effects that need to be
taken into account. In particular, what are theemives of loan officers and how
might this affect the kinds of loans being made?il§the common wisdom is
that basing loans on hard information makes the hnaking process “objective”
and does away with cronyism and other dark aspefcidiscretion, are there
unintended consequences of taking judgment owasf-making?

In this paper we are able to empirically addréssdffect of loan officer
incentives in a pure credit scoring model basethand information alone, where
officers are incentivized by loan volume, by acoessa unique data set from a
major European bank. This bank uses only hardnmdtion. This information is
collected and inputted into the system by loancef. With this data we are able
to address the following research questions. Do lofficers strategically
manipulate hard information? Does this change the &f loans that are made? If
so, does this result in better or lower qualitynisain particular, what are the
implications for default rates?

We are able to access data on the universe of PAZ;6nsumer loan

applications at a major European bank from May 2@08une 2010. This data is



unique with some distinct features particularlytadito address the questions at
hand. An important feature is that, here, loares raade solely based on hard
information. The hard information is fed into tegstem and an accept/reject
decision is made based on whether the loan is atteveut-off or not. If the
decision comes up as reject, the loan officer caomerride the decision or add
soft information. However the loan officer caealor update the information
and do another scoring trial which will bring umew decision. We are able to
see how many times the loan officer does a scdriajand also what kind of
information is added to each scoring trial. In jgatr we are able to see whether
the number of scoring trials for loans that arerriba cut-off are different from
other loans. We conduct two kinds of analysis. stFiwe take advantage of an
exogenous change in the cut-off to see if loarceffbehavior (number of scoring
trials) around the cut-off changes when the cutiithanged. Second, we run a
regression discontinuity analysis in both regimeth wifferent cut-offs to see if
loan officer behavior of attempting more scoririglé changes at the cut-off.

We find there are more scoring trials for loan ations that do not pass
in the initial trial. The number of scoring tridlscreases as one gets closer to the
cut-off boundary, and jumps at the cut-off boundanyerestingly, when the cut-
off is changed, then the jump in scoring trials e®to the new cut-off point. The
number of scoring trials is also related to loaficef characteristics, e.g., more
scoring trials for more experienced loan officand &hen loan officers have been
unsuccessful in making loans over the previousrfemaths.

This evidence raises the important question of \adgitional scoring
trials are conducted. Three hypotheses come to.rmst, the loan officer could
manipulate the input data to get the loan overdiheoff with the purpose of
receiving a higher bonus and a better recognitiathinvthe bank (information
manipulation hypothesis). A second and more behigpothesis is that the loan

officer is aware of soft information on the loarpAgant that cannot be recorded



directly in the system, but which the loan offigecorporates by changing the
recorded hard information (soft information hypdtis¢ Third, loan officers

might not input data into the system in the iniBabring trial that would be too
time-consuming to correctly collect. In this cakans with just one scoring trial
might underestimate the true creditworthiness wlakns with several scoring
trials correctly reflect the additional hard-todeact information (closer

examination hypothesis).

To assess these three hypotheses, we examine tdeftasd. Our results
support the information manipulation hypothesis pérticular, we find that the
number of scoring trials positively predicts defaates. A one standard deviation
increase in the number of scoring trials leads 10-45% increase in default rates
after controlling for loan, customer and loan dagficharacteristics. This holds, in
particular, around the cut-off where the manipolatof information by the loan
officer can move loans from below to above theaftit- We conduct three more
tests to provide further evidence.

First, we regress default rates on the time a lofficer uses for each
scoring trial. We find that default rates are negdy related to the time a loan
officer uses for each scoring trial, and higherdéfrates are in particular driven
by very short scoring trials that take less that &daninute to complete. These
results are consistent with the information marapah hypotheses rather than
the other hypotheses.

Second, we find that default rates are positivelgted to a reduction in
costs and liabilities. If the reduction in costsl diabilities was coming from more
accurate new information default rates should mohigher with these changes.
This finding is also in line with the informationamipulation hypothesis. Note
that manipulation of costs and liabilities implieaving away information, which
is much harder to detect than manipulation of egsnformation.



Finally, we analyze loan interest rates. Loan pgds primarily a function
of the credit rating. We compute the net margirsldans with multiple scoring
trials given that they have higher default rat¥¢e find that that interest margins
for such loans are barely sufficient to cover tlealived loan losses. Once
operational and other costs are taken into acctlvese loans are likely negative
net present value for the bank.

Our results suggest that when loan decisions argent@ased on hard
information and credit scoring alone, loan officéngentives can cause strategic
manipulation of information. These changes in hafdrmation are often very
subtle, making it almost impossible to verify otet# manipulation. In principle,
numbers like costs and liabilities are hard infdaiora because they are not
judgement driven, and — in contrast to soft infaiiora— the bank can review the
loan application data and penalize any wrong ingdésvever, we show that loan
officers can get away with manipulation of suchchiaformation. Loan officers
can strategically manipulate information such astc@and liabilities by omitting
certain documents instead of manipulating existdtgguments. The cost of
verifying such omissions is large.

Our paper relates to different strands of thedii@re. First, we contribute
to the literature on agency problems within batkdell (1989) provides evidence
that the purpose of the loan review function in anlbis to reduce agency
problems between the bank and its loan officersrtaderg, Liberti, and
Paravisini (2010) show that a rotation policy af$etoan officers' reporting
behavior. Agarwal and Ben-David (2012) analyze miee schemes within a
bank. Cole, Kanz and Klapper (2012) use a laboyaexperiment with loan
officers in India to analyze the effects of diffetancentive schemes on loan
officer effort. We show that — in the presenceraéinal agency problems — loan
officers manipulate hard information whenever tfuklmeporting is incompatible

with their personal incentives. Second, our pamdates to the literature that



identifies hard information as a potential solution internal agency problems.
Stein (2002) argues that the potential for agemrylict between the bank and its
loan officers is a function of how much soft infation the agent has or can
produce hence this could lead to large, centralibadks relying on hard

information to reduce loan officer agency problén@onsistently, Berger, Miller,

Petersen, Rajan, and Stein (2005) find that laay&® are less willing to engage
in informationally difficult loans for which softnformation is more important.

Similarly, Liberti and Mian (2009) and Agarwal ardiauswald (2010) find

borrower proximity is related to the use of soformation.

We provide evidence that simply codifying the lenglprocess to remove
soft information from the lending equation does redolve agency problems..
Rather, contrary to conventional wisdom, agencylmis between a bank and its
employees can arise even in a lending process dbas not rely on soft
information. Our evidence suggests the limits afdhinformation in resolving
agency problems — even hard information is suligeatanipulation by delegated
monitors at the margin.

The rest of the paper is organized as follows. i&ec2 describes our
dataset and provides descriptive statistics. Sec8oexplains our empirical
strategy. Section 4 presents the empirical resmitissection 5 provides robustness

tests. Section 6 concludes.

! This is also the approach taken in Heider andrid@012) who develop an optimal contracting
model in a setting where loan officers are incéméit on loan screening and prospecting.
Paravisini and Schoar (2013) present a countengaNiew where summaries of complex hard

information can enhance loan officer monitoring.



2. Data and descriptive statistics

A. Data and loan process

We obtain data on consumer loan applications armefjuent default
rates from a major European bank. These data ceengdetailed information on
242,011 loan applications at more than 1,000 bresdf the bank between May
2008 and June 2010. From these 242,011 loan apphsal116,969 materialize
and data on the performance and defaults of th&6¢9G9 loans are available
until May 2011. Loans are granted to both existmgl new customers. During
the loan application process, each customer igmedian internal rating. The
internal rating ranges from 1 (best rating) to @rst rating) and is solely based
on hard information. It consists of five parts: dEiran external score, which is
similar to a FICO score; second, a socio-demogcapbore, which is based on
parameters such as age and sex; third, an accoard g the customer has a
savings account with the bank; fourth, a loan sdotlee customer already has a
loan relationship with the bank; fifth a financedore which aggregates income
data, expenses, assets, and liabilities. Findigsé five parts are aggregated into
an overall internal rating.

The loan application proceeds in the following whyst, the loan officer
enters all the necessary data into the systenhelfldan is given, the written
documentation, such as a copy of the identificatard and a salary certificate,
has to be archived together with the loan agreenidm bank's risk management
function periodically checks the validity of this@imentation based on a random
sample selection. If loan officers manipulate costo data, they thus face a risk
of being caught later on. However, no loan-by-laaecks are conducted when
the loans are granted.

Second, the loan officer requests a score fromirteenal rating system.

This score determines whether a loan shall be giwehthe interest rate charged



for this loan. Loan applications with an intermating worse than the cut-off
rating are automatically rejected by the system amdeive the status
‘automatically rejected'. Loan applications withiaternal rating better or equal
to the cut-off rating receive the status '‘opend Hre risk-based pricing scheme
applies. The cut-off criterion is equal to a ratiwfgl4 until 31 December 2008.
This means that all loan applications with a ratihd4 or better can be accepted.
This cut-off criterion is changed to 11 on 1 Jagu009. To put these ratings into
perspective, a rating of 14 is comparable to atBgaased on the Standard &
Poor's rating scale; a rating of 11 is comparabletBB rating. The cut-off
criterion is changed as a result of growing concabout the status of the
European economy in the wake of the financial €rigihe management of the
bank decides to follow a prudent strategy and ¢éighénding standards in order to
preserve the risk profile of the loan portfolio.

Third, the loan officer decides on how to proce®lde can either proceed
with the application as entered into the systemméf status is not ‘automatically
rejected’, abort the loan application, or changg @nthe input parameters and
request a new internal rating, i.e. initiate a remaring trial. There are 442,255
unique scoring trials for the 242,011 loan appiws — an average of 1.83
scoring trials per loan application. Only the réswdf the last scoring trial are
recorded in the official systems of the bank, wialeformer trials are deleted.
The only exception is one specific risk managensgatem used in this paper that
archives each scoring trial separately. Loan offiGge in general not aware that
all scoring trials are recorded in this system, also the bank's risk management
function has rarely used it so far.

There are five major advantages of our setup: ,Resth separate scoring
trial is recorded in the database. Second, loaites§ are subject to a random
review process. Therefore, they have an incentveeport truthfully as long as

truthful reporting is not incompatible with theieqsonal incentives. Third, we



have information on individual loan officers whigives us the possibility to
analyze incentives across individual loan officéfsurth, the cut-off rating was
changed during our sample period without any ottleange in the rating or
incentive system. This gives us the unique oppdstuo analyze the effect of
tighter lending standards on loan officers' behawifth and finally, our dataset
contains default information which enables us m& loan officer incentives and

lending standards to actual defaults.

B. Loan officer incentives

Loan officers receive a fixed salary and a bonuke Tbonus is
performance-based and can make up to 25 percehe dixed salary. It depends
on the volume of the loans that a loan officer gates in a given year and the
conditions at which these loans are granted, btibnahe default rates of these
loans. In particular, loan officers receive a femr feach successful loan
application. This fee increases in the interest @targed for the loan and the
creditworthiness of the customer, which is deteedirby the internal rating.
Thus, a loan officer benefits from a better ratfing a loan applicant for two
reasons: First, a higher rating increases theili&etl of a loan application being
successful. Second, a better rating results inghehnifee for a successful loan
application. The average fee for a successful &gaplication is approximately 20
times larger than the fee increase for a one-nbigher rating. Thus, the first-
order incentive effect comes from ensuring that réteng meets the minimum-
creditworthiness condition, while further rating grovements have a second-
order effect. At the same time, there is a sigaificpressure to perform well.
Each week, or even during each week, 'run lists' @ampiled to rank each

individual loan officer. We collectively refer tath monetary and non-monetary



incentives as loan officer incentives and analyae these incentives affect loan
officer behavior in a hard information environment.

While lending standards are tightened in Janua@92the performance
targets that are given to individual loan officeesnain unchanged. This means
that loan officers are faced with the same targpetsa much smaller customer
base that can make the cut-off rating after thangeaThis provides an incentive
to loan officers to manipulate customer informattonachieve their targets. So
while loan officer compensation and bonus critefanot vary over time, the
change of the cut-off provides different incensite manipulate client data. It is
this variation that we aim to analyze in this paper

After origination, the loan is transferred to antemal portfolio
management unit, and the loan officer is no longesponsible for the
performance of the loan. The compensation of the lfficer does therefore not

depend on whether the loan defaults.

C. Descriptive statistics

Table 2 presents descriptive statistics on loaniegdpn level (Panel A),
scoring trial level (Panel B) and loan officer leyBanel C). All variables are
explained in Table 1. The information on the logplecation level in Panel A is
based on the last scoring trial per loan applicatithis is the only information
that is available in the systems of the bank, dpant the single risk management
system used for the analysis in this paper thaksravery trial. 13 percent of the
loan applications have a rating below the cut-oifl are therefore automatically
rejected. On average, loan officers use the scaysgem 1.83 times per loan
application. The average acceptance rate is 4&perce. 48 percent of the loan
applications are accepted by both bank and custorheraverage loan amount is

EUR 13,700, the average number of borrowers per &aplication is 1.34, the
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average age of a borrower is 45.24 years, andvBigage net income per month is
EUR 2,665. If a loan application has several boei®we.g., husband and wife,
then parameters such as net income per month gregeges over both borrowers
with the only exception being the age, where theraye age is reported. 63
percent of the customers are relationship custonvlrs have either an existing
account or another loan with the bank. The inforomabout the internal rating,
which ranges from 1 (best) to 24 (worst), showd tha average rating amounts
to 8.40. The cut-off rating was set at 14 betweeary K008 and December 2008
and at 11 between January 2009 and June 2010.r28npef our observations
come from the earlier period, while 72 percent cdrom the latter period. Panel
B shows that 20 percent of the scoring trials teisuf rating below the cut-off.
This is significantly higher than the 13 percernir the last trial, as shown in
Panel A, and indicates that internal ratings areaeerage moved upwards with
further trials. There is an unconditional likelitb@f 45 percent of observing
another subsequent scoring trial for the same &pgatication. Panel C shows that
the 242,011 loan applications in our sample aranged by 5,634 loan officers.
During our sample period, an average loan offic&suthe scoring system 78.50
times for 42.96 different loan applications of whi20.78 loans materialize, i.e.
are finally accepted by both bank and customer.

Table 3 provides a concrete example on the workfgthe different
scoring trials. In this example, on 4 May 2009%an officer enters an application
for a consumer loan of EUR 4,000 and records, anotingr parameters, existing
liabilities of the customer of EUR 23,000 and a thdnnet income of EUR
1,900. The resulting internal rating of 12 is wotkaen the cut-off rating of 11,
therefore the loan application is automaticallyectgd by the system. The loan
officer subsequently increases the income to EUS5Q,and decreases the
liabilities to EUR 10,000. These two changes resul new rating of 11 so that

the loan application can be accepted. However]dae officer then decides to
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manually reject the loan application and correbis liability amount to EUR
19,000. As this change results again in a ratingvbéhe cut-off, the loan officer
reverses the liabilities back to EUR 10,000 andksabe loan into the system.
This loan application provides a particular strikiexample of a manipulation
around the cut-off as the final amount for theiliabs of EUR 10,000 is clearly
not a correction of a previously misspecified valtlibis is the type of behavior

that we would like to analyze more thoroughly irs thaper.

3. Empirical strategy

A. Loan officer incentives and the number of scoringrtals

The cut-off rating substantially affects loan offiadncentives, as only loan
applications with ratings better than or equal® ¢tut-off rating can generate fee
income. The change of the cut-off rating during eample period provides us

with a clear identification strategy. We estimdte following regression:
Number OfTrials j; = f1 CutOffDummy; ¢ + 0 Xiji + Aj + By + iy D

where NumberOfTrials j¢ is the number of scoring trials for the loan
application from customen at time t arranged by loan officej and
CutOffDummy; ¢ is a dummy variable equal to 1 if the rating frdme first scoring
trial of the loan application from customeeat time t is worse than the cut-off
rating, i.e. worse than rating 14 between May 2@08 December 2009 and
worse than rating 11 between January 2009 and 2@ X;; is a set of control
variables taken from the first scoring trial indlugl loan, customer and loan
officer characteristics andy and B; are loan officer and time-fixed effects.
Finally, & is an error term. The estimation method will becdssed in more
detail in the results section.

12



An analysis which would have been natural in theeabe of the change
in the cut-off is regression discontinuity. We #fere also estimate the following
regression discontinuity regression for each tireaon (before cut-off change,
after cut-off change) separately:

NumberOfTrials j = f1 CutOffDummy; ; + f(DifferenceToCutOff) +
g(DifferencToCutOff)* CutOffDummy + 6 Xij¢+ A+ Bi+ &ijr | 2
where DifferenceToCutOff is the re-centered running variable, i.e. therimdk
rating less the cut-off rating, and the functionafhd g are higher-order
polynomials of this re-centered running variabl&éeé&tively, the regression above
fits higher-order polynomials on the left- and tigfand side of the cut-off, with

the coefficiens; denoting the jump in the number of scoring tridltha cut-off.

B. A closer review of multiple scoring trials

In regressions (1) and (2) the number of scorirastiacts as a proxy for
changes in customer information during the loanliegion process. Here, we
take a closer look at which parameters loan offictually change during the
loan application process. We do so by using a miffee-in-difference approach.
First, we determine the difference between a aegiarameter in the first scoring
trial and the last scoring trial for the same lagplication:

Deltal; := XS jon - XS0 ©)

whereX¥;n andX¥;,; are the parameter values for paramé&tésuch as
income, age or assets of the loan applicant) ®tdhn application from customer
i at timet arranged by loan officgrin the last and first scoring trial, respectively.
Second, we group the loan applications into twoegaties: First, all loan

applications that pass the cut-off rating with finst scoring trial, i.e. where no

information manipulation is necessary to generatde@ Second, all loan
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applications that do not pass the cut-off ratinghwthe first scoring trial, i.e.
where a fee can only be generated if any of thatipprameters is changed. We
apply a difference-in-difference approach to analyifferences in changes to

customer information between these two groups.

C. Loan officer incentives and default rates

Multiple scoring trials for a single loan applicati can be due to loan
officers manipulating information they have abobe tcustomer in order to
increase their income (information manipulation diyyesis), loan officers
inputting wrong hard information for customers whehey have positive soft
information (soft information hypothesis), or loafficers honestly correcting a
false entry from a former trial (closer examinatibypothesis). To distinguish
between these three hypotheses, we estimate thet eff multiple scoring trials
on the default rate. If the information manipulatioypotheses is true we should
not see a positive systematic effect of the nurobscoring trials on default rates.
If the other two hypotheses are true there shoaltid effect or even a negative

effect. We therefore estimate the following regi@ss

DefaultDummy; 7= f(B1, NumberOfTrials s, 6 Xiju, Aj, By, &ij11) 4
where DefaultDummy;t is a dummy variable equal to one if the loan to
customer i originated by loan officer j at timedfaults within the first T months
after origination, NumberOfTriglg is the number of scoring trials for this loan,
Xij: is a set of control variables taken from the k=iring trial of the loan (i.e.
the 'official' scoring trial which enters the bankystems) and;And B are loan
officer and time fixed effects. The function f idimk function such as the logistic

function. Again, details on the estimation methosldiscussed in section 4.
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4. Empirical results

A. Loan officer incentives and the number of scoringrtals

Al. Univariate results

We compare the average number of scoring trialerbeand after the
change in the cut-off rating. Figure 1 shows tleults for the comparison of the
accepted loans, while Figure 2 shows the respeatesailts for all loan
applications. In Figurefibure 1, we conduct the comparison based on the rating
class in which a loan is finally accepted. The fegghows that the number of
scoring trials is quite similar before and aftee thange in the cut-off rating for
rating classes 1 to 10. Also, as the cut-off raimglecreased to 11 in January
2009, there are no more loans in rating classeto 124 after this change. The
most striking result is the significant increasehia number of scoring trials after
January 2009 for the loans that are finally acakpte rating class 11. This
evidence suggests that loan officers try much latgdeusing more scoring trials,
to move loans above the cut-off rating after thange. A similar pattern can be
found in figure2 2. Here we conduct the comparison based on thialinating
that a loan application receives. Here, loan appbas with an initial rating
between 1 and 11 do not exhibit different pattdrefore and after the change in
the cut-off rating. In strict contrast, there aigngficantly more scoring trials for
loan applications with an initial rating betweend®l 14 after the change, i.e. for
those loan applications that fall just below thé-aifdi rating, but which the loan
officer can potentially move above the cut-off mgtwith additional scoring trials.
For the remaining rating classes 15 to 24, the rurob scoring trials decreases
after the change. These rating classes are now raorate from the cut-off rating
so that the incentives for the loan officer to os®e scoring trials are reduced.

We test the results in figurz2 more formally by running a t-test for the

difference, and the results are reported in Tabléohsistent with the results from
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the figure, there are barely any differences imgatlasses 1 to 11, in particular
from an economic standpoint. The differences asgtipe and highly statistically

and economically significant for rating classestd 24, while they are negative
and mostly significant for rating classes 15 to [P4particular, a loan application
with an initial rating of 12 has on average 0.83renscoring trials after than
before the change.

Consistent with the descriptive difference-in-diffiece results, we
observe a significant increase in the number ofrisgotrials at the cut-off
boundary both before and after the change in theof€urating. Before the
change, the number of scoring trials is 2.09 fa& tat-off rating of 14 and it
jumps to 3.23 for a rating of 15. After the chantiese number of scoring trials
increases from 1.93 at the cut-off rating of 12 {66 for a rating of 12.

A2. Multivariate results
We now estimate a multivariate model (regressight(lcontrol for other

factors that may drive our results. These contotdrs comprise loan, customer
and loan officer characteristics. In particular, wge a dummy to control for the
effect of being a relationship customer, the lagani of the customer's age, the
logarithm of his income, and rating fixed effects tontrol for the
creditworthiness of the customer. On the loan sikecontrol for the size of the
loan, which can be regarded as a proxy for the@&ential, and for the number of
borrowers. On the loan officer level, we controt tbe past average number of
trials per loan application and the past absolutaler of trials. Both measures
are averaged over the previous three months angftraned on a log-scale. As a
third control variable on the loan officer levelewse the prior 3-months success
rate of the loan officer, measured as the ratisuafcessful loan applications, i.e.

loan applications that are accepted by bank andowwes, and total loan

16



applications. All variables are explained in Tablg=inally, we add fixed effects
for year, month-of-the-year, branch, and loan effid.oan officers are assigned
to exactly one branch so that loan officer fixeteetls implicitly capture branch
fixed effects as well. Using both branch and loficer fixed effects thus results
in perfect collinearity and we therefore either usanch fixed effects or loan
officer fixed effects but not both at the same tini® account for possible
autocorrelation at the branch level, we clustemdaad errors accordingly.

We use a count variable (Number of scoring trialsdependent variable.
Both a Poisson regression and a negative binoragkssion are well suited to
cope with count data. The Poisson regression faheesonditional variance to be
equal to the mean. A test for overdispersion yieddstatistically significant
positive overdispersion of 0.05, i.e. conditionatignces are larger than means.
We therefore use a negative binomial model whiclved suited to cope with
overdispersion. Finally, we control for a large rhanof fixed effects which may
give rise to an incidental parameter problem (Naymad Scott (1948)). Allison
and Waterman (2002) argue based on simulationghibet does not appear to be
any incidental parameter bias in the negative biabmmodel’* We therefore
present the results for a negative binomial moddhe first place and provide
estimates from a Poisson model and a linear mosgetohustness checks in
section 5. We estimate the negative binomial madethe form of the more
common NB2 model, i.e. the mean p and the variarfcare related by the

overdispersion parametkvia o°= p + k |f (Cameron and Trivedi (1998)).

2 Hausmann, Hall, and Griliches (1984) have propdsegse a conditional maximum likelihood
estimate to circumvent the incidental parameteblera for a negative binomial model. However,
Allison and Waterman (2002) have criticized thiprgach for not providing additional leverage

compared to the Poisson model for dealing with diggersion.
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Table 5 shows the results for regression (1). Vdet s column (1) by
regressing the number of scoring trials on a dumanable that takes a value of
1 if the initial rating is worse than the cut-oéiting and a value of O if the initial
rating is better or equal to the cut-off ratingraing worse than the cut-off rating
in the first scoring trial is associated with 48gant more scoring trials, which is
statistically significant at the 1 percent levebl@nns (2) and (3) add customer,
loan and loan officer characteristics. The restdtsthe cut-off-dummy remain
economically and statistically highly significantall specifications, ranging from
0.275 to 0.313 (i.e. an increase of 27.5-31.3 pejycdhe loan amount is highly
statistically and economically significant with @egficient estimate between
0.157 and 0.164. An increase in the loan amoumt fite median loan amount of
EUR 10,000 by one standard deviation (EUR 10,665EWR 20,665 therefore
leads to an increase in the number of scoring striaby
In(20,665/10,0000.164=11.9 percent. The results here are consistéhtthe
notion that loan officers move the ratings in padar for larger loans, as they
receive a fee that is proportional to the loan amokinally, less scoring trials are
used for relationship customers. For relationshyst@mers, a much larger
proportion of the internal rating is determineddarameters that the loan officer
cannot manipulate such as the account activity.tk@se customers, the chances
for a loan officer to push these loan applicati@a®ve the cut-off rating by
changing parameters that the loan officer can nudeli@, such as income or

assets, is much lower.

Regression discontinuity
In the analysis above we took advantage of an examgechange in the
cut-off rating to identify the causal effect of foafficer incentives on the number

of scoring trials. An analysis that would have beeatural in the absence of such
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a change is regression discontinuity. The basia aferegression discontinuity is
to fit a regression function on both the left-haside and the right-hand side of
the cut-off and compare the predicted values dadlte/o regression functions at
the cut-off point (Thistlewaite and Campbell (196@bens and Lemieux (2008),
Keys, Mukherjee, Seru, and Vig (2010), and Robanis Whited (2011)). If the
predicted value at the cut-off using data from thght-hand side differs
significantly from the predicted value at the céftusing data from the left-hand
side, this can be attributed to the different inives prevalent on either side of
the cut-off. An underlying assumption is that mgs just below and just above
the cut-off are comparable. We therefore plot @iiro$ covariates as a function of
the initial rating (Figure 3). We observe that eat the control variables shows
any discontinuity at the cut-off, supporting oug@ament that the increase in the
number of scoring trials is driven by the cut-offumdary. Formal techniques
used in the literature differ in the regressionction (polynomial model or local
linear regression), assumptions about the distabubf error terms (negative
binomial or permutation tests). Furthermore, catas can be used to control for
possible discontinuities in any of the explanatwgriables. We use all these
models (polynomial and local linear regressiontriigtion of error terms based
on the negative binomial model and based on petioaotgests, with and without
covariates) both before and after the change irctiv®ff rating. In all cases, we
find a significant jump in the number of scorin@ls at the cut-off rating. The
estimate of the jump at the cut-off rating rangesnf 0.251 to 0.357 (see Panel |
of Table 6) which is very close to the estimat® @88 from the standard negative
binomial model presented in Table 5.

The regression discontinuity approach relies on amanipulation
assumption of the running variable, i.e. the ihitzing. Economically, this is not
an issue here, as the loan officers do not know ittthvidual scoring trials are
recorded. Hence, there is no reason to manipulage intitial scoring trial.
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Nonetheless, we conduct a formal statistical tesetbped by McCrary (2008)
which tests for a discontinuity in the density loé trunning variable at the cut-off
point. Indeed, we do not find any evidence forscdntinuity in the density of the

internal rating at the cut-off point (Figure 4 apdnel Il of Table 6).

B. A closer review of multiple scoring trials

The analysis so far has centered on the numbecaming trials as an
aggregate statistic for changes to customer infoomaNow we analyze in more
detail the changes to customer information. In ipaldr, we look at which
parameters are actually changed during the loaticagipn process. Table 7
provides a difference-in-difference analysis foe thternal rating and the main
parameters which enter the calculation of the nakrating. We observe that the
internal rating only slightly improves by 0.023 dlo¢s between the initial scoring
trial and the last scoring trial for the subsetaafn applications where the initial
scoring trial already results in a rating betterequal to the cut-off rating. This
increase is also only marginally significant. Or ttontrary, the internal rating
improves by 0.608 notches for the subset of loaherg the initial scoring trial
results in a rating worse than the cut-off ratifilgis increase is significant at the 1
percent level. Looking at individual parameters efthénter the calculation of the
internal rating, we observe that changes are sogmif for the financial score,
which is rather easy to manipulate, but not for $heio-demographic score, the
Schufa score, the account or loan score, all ofclwldare less susceptible to
manipulation. The financial score changes on awtaga marginal 0.0029 for
the subset of loans where the first scoring teslits in a rating better or equal to
the cut-off and by 0.188 for the subset of loangmgtthe first scoring trial results
in a rating worse than the cut-off rating. The BWfDiff estimate is highly

significant at the 1 percent level. A higher finethscore implies a better internal
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rating, thus the financial score systematicallylioves between the initial and the
last scoring trial and this improvement is sigrafily higher for loan applications
that do not pass the cut-off rating in the initsaloring trial compared to loan
applications that pass the cut-off rating in thiiah scoring trial® We further
observe that the ratio “Assets/Liabilities”, one tbé key ratios that enters the
calculation of the financial score, is increased8¢6 for loan applications where
the initial rating is better or equal to the cut-odting and by 16.9% for loan
applications where the initial rating is worse ththe cut-off rating. Again, the
Diff-in-Diff estimate is statistically significardat the 1 percent level. The second
key ratio, “(Income - Costs)/Liabilities”, increasby 0.3% from the initial to the
last scoring trial for loan applications where fhéaial rating is better or equal
than the cut-off rating. The increase for the I@gplications where the initial
rating is worse than the cut-off rating is 2.0%aiagwith a highly significant
Diff-in-Diff estimate.

C. Loan officer incentives and default rates

C1.1 Univariate results

The evidence from the previous analyses is comdisteith three
hypotheses: First, loan officers strategically matate customer information in
order to get loans through (information manipulatioypothesis). Second, loan
officers enter wrong hard information for customeaos reflect positive soft
information that they have (soft information hypedis). Third, loan officers use

several scoring trials as they correct misspectiaih from a previous trial (closer

% The probability of default is determined BB = 1/ (1+exp(a + X s)) wheres denotes the
individual scores. The constant temmcannot be split to the five scores, therefore dberes

cannot be directly converted into a probabilitydefault.

21



examination hypothesis). In this section, we make of the default data to

provide more direct evidence and to distinguisiwieen these hypotheses. While
the first hypothesis predicts higher default rdéedoans with many scoring trials,

the latter two hypotheses predict similar or eveemdr default rates for loans with

few and loans with many scoring trials.

We compare the default rates for loans with moem ttwo scoring trials
to those for loans with two or less scoring triabere the default rate of a loan is
measured by using a time horizon of 12 months #fterorigination of the loan.
The results are presented in Table 8. They showthkalefault rate for loans with
more than two trials is significantly higher thédme tdefault rate for loans with one
or two trials. This pattern holds before and aftex change in the cut-off rating.
Before the change in the cut-off rating, the ddfaatle for loans with more than
two trials amounts to 3.33%, while the default fateloans with two or less trials
amounts to 2.16%. After the change in cut-off mtithe respective values are
3.67% and 2.28%. These differences are statistisainificant at the 1 percent
level.

We explore this pattern more by analyzing the respe differences in
default rates for each of the rating classes bedok after January 2009. If loan
officers indeed manipulate information and use ipldtscoring trials to generate
more loans, then the difference in default ratdsvéen loans with more than two
trials and loans with two or less trials shouldyoakist just above the cut-off,
where the loan officer can use multiple scoringl$rito move a loan from below
to above the cut-off. The results show that théetehce in default rates is indeed
statistically and economically significant onlythe cut-off of 14 before January
2009 and 11 after January 2009, respectively. Rerrating class 14 before
January 2009, the default rate is 7.09% for loaitls @ne or two trials, while it is
12.15% for loans with more than two trials. Sirmitafor the rating class 11 after

January 2009, the default rate is 7.83% for loaitk ane or two trials, and it is
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10.11% for loans with more than two trials. We Hfigrt explore these results using
a difference-in-difference setting by comparing thikéerence in default rates for
the rating class just below the cut-off rating e difference in default rates for
the rating class one and two notches above theftuating. This estimate is
highly significant both before and after Januar02b For example, before
January 2009, the default rate for loans with agabf 14 with more than two
scoring trials is 5.06% higher than the defaule rigr loans with two and less
trials (12.15% versus 7.09%). This difference isydh486% for a rating of 12
and the difference-in-difference estimate of 4.58%ignificant at the 1% level.
Similar, after January 2009, the difference betwkrms with more than two
scoring trials and loans with two and less scotirads is 2.29% for a rating of 11.
It is -0.17% for a rating of 9, with the differencedifference estimate of 2.45%
again being significant at the 1% leveThese results provide further evidence
that the use of several scoring trials is drivenldan officers’ manipulation of

information with the goal to generate more loans.

C1.2 Multivariate results

In the multivariate tests, we control again for tonger, loan and loan
officer characteristics, and the control variatdes thus identical to the ones used
in Table 5. We estimate regression (4) using alimpeobability model to address

the incidental parameter problém.

* These results are available upon request.

® The detailed results for the difference-in-differe estimates are available upon request.

® Standard logistic models suffer from the incidemiarameter problem (Neyman and Scott
(1984)), i.e. the structural parameters cannotdhienated consistently in large but narrow panels.
There are two possible ways to circumvent the iertidl parameter problem: First, a conditional

logistic regression can be estimated (Chamberkd8F), Wooldridge (2002)). This approach has
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Columns (1)-(3) in Table 9 report a step-by-stepettgpment of our
regression without control variables in column (®ith customer and loan
characteristics in column (2) and with all contnedriables in column (3).
Columns (4) to (6) add fixed effects for branch dadn officer and cluster
standard errors by branch. The results show thatntmber of scoring trials
predicts the default rate in all specificationshnat coefficient between 0.3% and
0.4%. These coefficients are statistically sigmifit throughout at the 1 percent
level. The effect is also economically highly sfgrant. Increasing the number of
scoring trials from the median of 1 scoring trigl dne standard deviation (1.63
scoring trials) to 2.63 scoring trial leads to awcrease in the default rate of
approximately 0.3-0.4%.Compared to the unconditional default rate of 249
this is a relative increase in the default probgbdf 12-16%. We also observe
that the experience of the loan officer (3-monthsadute number of scoring
trials) positively predicts the default rate. Thisggests that experienced loan
officers are more efficient at manipulating theemnal rating in the desired
direction and magnitude and therefore need fewalstto achieve the desired
result.

We also regress the default rate on both the imétang and the change in
the rating between the initial and the final scgritrial. If the additional
information that is added between the initial ahe final scoring trial was

informative, we would expect the change in thengatio predict default rates,

the drawback that the estimator is no longer effiti(Andersen (1970)) but it yields consistent
estimates of the structural parameters. Second:anause a linear probability model which leads
to both efficient and consistent estimates of thectural parameters. We follow Puri, Steffen, and
Rocholl (2011) and use the latter approach to etémegression (4). Results for the conditional
logit model are presented as a robustness chenksiction 5.

" Increasing the number of scoring trials from 1t6(.63 increases the log Iy(2.63)=0.97.
Multiplying the coefficient of 0.3-0.4% by 0.97 {is the stated result.
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beyond the information in the initial ratings. Hoxee, consistent with the
manipulation hypothesis, we find it is the initraking, rather than the change in
rating that is informativé.

We analyze further determinants for default rate§able 10. If a loan
officer uses multiple scoring trials to manipulatéormation, then the time
between the scoring trials should be negativelgteel to the default rates. In this
case, the loan officer does not carefully checkenify the existing information,
but simply plays with the input parameters to cleatige rating outcome. If,
however, multiple scoring trials are due to theseloexamination of information
or information verification from the first trial, & would expect the opposite
result. The results in column (1) show that shottels lead indeed to higher
default rates and thus suggest that the loan offloes not give much care when
revising the information. Furthermore, it should teich easier for the loan
officer to change information on liabilities andst® rather than on assets and
income to achieve the desired outcome. While addssgts and income would
have to be proven by respective documents, reduigibigjities and costs could be
achieved by simply ignoring certain positions. Timk is tested in columns (2) to
(4). The results in column (2) show that it is iadehe change in liabilities and
costs that increases default rates, while the tegulcolumn (3) show that it is a
reduction in both positions that increases defaatés. Combining the results
from column (1) and column (3), the results in cotu(4) show that a shorter
time per trial as well as a reduction in costs babllities lead to higher default
rates.

In sum, the results from the default regressiorvigemevidence that loan
officers systematically manipulate customer infatiorafor their own advantage.

This results in a statistically and economicallgngiicant increase in the 12-

8 These results are available upon request.

25



month default rate, even after controlling for lpaustomer and loan officer

characteristics.

D. Loan officer incentives and net present values toans

A question that arises from the previous analysisvhether the bank
willingly allows multiple scoring trials becausesthmight result in positive NPV
loans. We do some analysis to assess this. Loangprs primarily a function of
the credit rating. Table 11 depicts the median gmargins — the loan interest
rate less the refinancing costs (5-year risk-fete plus 5-year CDS spread) of the
bank — per rating grade before and after the dutttdnge for loans with one or
two scoring trials and for loans with more than tsaoring trials (columns Al
and B1). In columns A2 and A3 (before the cut-dfge) as well as B2 and B3
(after the cut-off change), we show the net marge,the margin adjusted for
loan losses but before operational costs and dosamital’ Before the cut-off
change, net margins for loans with more than tvarisg trials directly above the
cut-off are not sufficient to cover the realizednoosses (net margin = -1.12%).
After the change in the cut-off, net margins foaiie with more than two scoring
trials directly above the cut-off have a slightlystive net margin (0.49%). This
implies for the median loan amount of EUR 10,00@amargin of EUR 50 per
annum. It is very hard to see how a bank could cageoperational and other

costs for a loan with this amount.

® We use the bank's expected recovery rate of 4G%n4d. are not collateralized and therefore,

recovery rates are lower than in other segment$, as retail mortgages.
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5. Robustness

In this section we provide robustness tests for nie@n results from
section 4. In particular, we explore alternativedels for estimating the number

of scoring trials and the default rate.

A. Number of scoring trials

One remaining concern with the negative binomiatlet used in Table 5
is its susceptibility to the incidental parametsslpem. Previous researchers have
argued based on simulation studies that the negivomial model does not
suffer from an incidental parameter problem. Far ¢thse of the Poisson model,
consistency of the parameter estimates in the pcesef a large number of fixed
effects is analytically proven (Cameron and Trividd@98)). The Poisson model is
not able to cope with overdispersion, however, diierdisperion of 0.05 in our
case is economically small (although statisticailynificant). A linear model is
able to cope with both overdispersion and doessodfier from an incidental
parameter problem. In addition to the negative mimb model from section 4, we
therefore provide robustness tests based on bBtiszon regression and a linear
model. The results are shown in Panel A of TableFt2 brevity, we only report
the coefficient and standard error of the cut-affrany for the full specification
which includes customer, loan and loan officer ahteristics as well as time and
loan officer fixed effects (i.e. specification as ¢olumn (6) of Table 5). The
coefficient of 0.288 in the first row of Panel Aetlefore corresponds to the first

coefficient in column (6) in Table 5. The use offelient models results in very
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similar and highly statistically significant coefients of 0.290 (Poisson model)
and 0.226 (Linear mod®), respectively.

To make use of the full information at hand, weoadstimate a discrete
hazard rate model that takes into account data fewery single loan trial.
Consistent with the previous results, we find thatcoring trial worse than the
cut-off rating significantly increases the likeliab of another scoring trial. The
detailed results for this hazard rate regressieragailable on request.

We conduct two robustness tests for the regrestismontinuity analysis.
First, we estimate the model usiriy 8%, 5", and §' order polynomials instead of
the 7" order polynomials. The results are very similaithwhe estimate for the
cut-off dummy being slightly smaller for lower ordpolynomials (Table 13).
Second, we collapse the data into bins by theainitaiting and run the same
regression as before using average values perdoirtheé dependent variable
(number of scoring trials) as well as for the cohtvariable. We follow the
procedure outlined in McCrary (2008) to determime bin-size. The estimates for
the cut-off dummy are slightly smaller but stillghly significant and, as
expected, R-squares of the regression increaseicagly as taking averages per

bin eliminates idiosyncratic dispersioh.

9 The Poisson model and the negative binomial moseelthe logarithm of the number of scoring
trials as the dependent variable. To be consistéhtthese models, we also use the logarithm of
the number of scoring trials, and not the numbesaafring trials itself, as the dependent variable
in the linear model.

1 These collapsed regressions give the same weidlins close to the cut-off as to bins far away
from the cut-off. In our set-up, bins close to the-off have a lot more observations than bins far
away from the cut-off. Furthermore, the numberairing trials is largest directly below the cut-
off, and subsequently decreases for worse ratiadeg. Therefore, the collapsed regressions yield

somehow smaller coefficients than the non-collapsedion.
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Finally, loan size can be changed from one scotheg to another.
Changes in loan size may not be manipulation, itlccde an outcome of a
prudent strategy to offer a smaller loan volumethte client if the originally
requested loan volume results in a rating belowctlieoff. Hence as a robustness
test, we exclude scoring trials in which only tban size changes. The results are

gualitatively similar. Detailed results are avaiéabn request.

B. Default rate

We use a conditional logit regression as a robsstimest for the default
rate regression (4). Panel B of Table 12 presétsasults. Using a linear model
results in a coefficient of 0.4% for the logarittohthe number of scoring trials
(see also specification (6) in Table 9). The cooddl logit regression yields
similar, but slightly smaller, marginal effectstae mean. In sum, the robustness
tests confirm both the statistical and economicmitade of the effect of scoring
trials on the default rate.

As a further robustness test, we use the differ&eteeen the initial and
the final internal rating instead of the numbersgbring trials. We therefore
regress the default rate on both the initial ratamgl the change in the rating
between the initial and the final scoring trialthie additional information that is
added between the initial and the final scoringltwas informative, we would
expect the change in the rating to predict defeitts, beyond the information in
the initial ratings. However, consistent with thampulation hypothesis, we find
it is the initial rating, rather than the changeating that is informative. Detailed
results are available on request.

Finally, we decompose the strategy of loan officeit® three distinct
buckets: First, loan applications in which only tlwan volume is changed.

Second, loan applications in which only parametess. costs, liabilities, etc.) but
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not the loan volume is changed. Third, loan appbee in which both parameters

and the loan volume is changed. We do not repertahles to conserve space but
as expected, the effect of the number of scorilafston loan default rates is most
pronounced for the second strategy.

6. Conclusion

The current financial crisis has raised an impdrgarestion of how the
loan making process should be designed and redutateninimize risks and
reduce default rates. In this context, it has otteen suggested that excessive
discretion and arbitrary judgment by the loan @fibave resulted in poor loan
performance. As a consequence, it has been addotiaée the loan making
process should be automated and rely more or ewefusévely on hard
information.

This paper analyzes the loan making process instemsy where loan
decisions are based purely on hard information.this system, there is a
predefined cut-off rating which determines whetleloan application can be
accepted or not. Based on a sample of more thajp@3dQ@oan applications at a
major European bank, we analyze how loan officeemives are affected by the
exclusive use of hard information. We show thanlodficers use more scoring
trials if the initial scoring trial is not succeskf They increase the number of
scoring trials in particular when the initial seagitrial is close to the predefined
cut-off rating and even more at the boundary. We aschange in the cut-off
rating during our sample period and find that ttilmnge moves the significant
increase in scoring trials to the new cut-off rgtiWe find that the number of

scoring trials is positively related to defaultest suggesting that loan officers
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strategically manipulate information in a systemattis based on hard information
and credit scoring alone.

Our results suggest that pure reliance on hardridtion in the loan
making process does not necessarily lead to betteromes. The underlying
incentives are important, and in the setting atdhamhere loan officers are
incentivized based on loan volumes, reliance od rdormation actually leads to
outcomes with worse loan performance. These relaits important implications
for the current academic and regulatory debatecontb reform the loan making

process to minimize risks.
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Figure 1: Accepted Loans

This figure compares the number of scoring trialsdach loan that is accepted in each rating dtasthe periods before and after
January 2009.
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Figure 2: Loan applications

This figure compares the number of scoring trialsdach loan application based on the initial tattass for the periods before and
after January 2009.
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Figure 3: Covariates by rating grade before January2009

This figure shows customer and loan characteridticsating class for the period before January 2088 reference the average
number of scoring trials from Figure 2 is shownhagrey bars.
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Figure 4: Distribution of the initial rating grade before January 2009

This figure shows the distribution of ratings basedthe initical scoring trial for the period befodanuary 2009. As reference the
average number of scoring trials from Figure Zhisven with grey bars.
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Table 1: Explanation of variables

Name

Description

Inference and dependent variables

Cutoff

Number of scoring trials
Default rate 12 mont|
Customer characteristics
Internal rating

Probability of default
Financial score
Socio-demographic score

Account score
Loan score

Schufa score
Relationship customer

Age
Assets

Liabilities
Income
Costs

Loan characteristics
Loan amount
Number of borrowers
Accepted by bank

Accepted by bank
custome

Loan officer characteristics

Dummy variable equal to one if the internal ratisgvorse than the cutoff rating and zero otherw@@ly loan
applications with an internal rating equal or abthe cutoff rating can be accepted, loan applicatieith ratings
below the cutoff are rejected.

Number of distinct scorinigls for a loan application.
Dummy variable equal to 1 if a loan has defaultedrd) the first 12 months after originati

Internal rating ranging from 1 (best) to 24 (wordt)e internal rating is based on the financiatscthe socio-
demographic score, the account score, the loae secat the SCHUFA score. These scores are congaliddb one
overall score and calibrated to historical defawfterience. Each internal rating is associated aviflefault probability
for the borrower.

Probability of default based on the internal ratiygtem. The probability of default is calibratedptist default
experience.

Internal score based on income, costs, assetsiahiliies of the borrower. A higher score impliadower probability
of default.

Internal score based on socio-demographic dataggeg sex, etc.). A higher score implies a lowebability of
default.

Internal score based on the pastuateativity of the borrower. A higher score imglia lower probability of default.

Internal score based on the history of past loatistive same borrower. A higher score implies adoprobability of
default.

External score similar to the FICOesgothe U.S. A higher score implies a lower pialiy of default.

Dummy variable equal to 1 if the customer had akimg account or a current loan with the bank betbe loan
application.

Age of borrower. If a loan application has sal/borrowers, e.g., husband and wife, the aveagges used.

Total assets of the borrower in Euro. If a loanlizgtion has several borrowers, e.g., husband afed then the
combined assets are used.

Total liabilities of the borrower in Euro. If a loapplication has several borrowers, e.g., husbaddvife, then the
combined liabilities are used.

Monthly net income of the borrower in Euro. If @ibapplication has several borrowers, e.g., hushaddvife, then
the combined income is used. The income includegewas well as capital income and other income.

Monthly net costs of the borrower in Eura lban application has several borrowers, e.gb&iod and wife, then the
combined costs are used. The costs include cdsirg, rents and costs for existing loe

Loan amount in EUR.
Number of borrowers, usuallyado one.
Dummy variable equal to one ifiltaa application is accepted by the bank, i.eoféer is made to the customer.

and Dummy variable equal to one if the loan applicai®accepted by the bank and the customer.

3M average number of trials The average number of trials per loan applicaticer the previous three months, calculated on Idfceo level.

per loan application

3M absolute number of trials

Success rate 3M

Other variables
Status

Month-of-year

The absolute numbescofing trials over the previous three months;udated on loan officer level.

Success rate of the loan officar e month preceding the current month. The sisoae is measured as accepted
loans divided by total loans. Accepted loans aae$owhich were accepted by the bank and the borrowewhere a
loan contract was signed. All loans is the numbielistinct loan applications that a loan officetened into the
system

Status of a scoring trial. The status can be elthe#omatically rejected’ if the internal ratingnerse than the cutoff
rating, 'manually rejected' if the loan applicatisrmanually rejected by the loan officer and 'ated’ if the loan
application is accepted by the bank and customer.

Month of year coded as 1 (Januamgubh 12 (December)
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Table 2: Descriptive statistics

This table presents summary statistics for the $aofdoan applications between May 2008 and JWi®2Panel A presents summary
statistics on the loan application level basedtanlast scoring trial for each loan applicationn&&aB on the scoring trial level and

Panel C on the loan officer level. E.g. Panel Avghohat 13% of the loan applications do not passcthi-off rating based on the last
scoring trial while Panel B shows that 20% do rexpthe cut-off rating based on all scoring trifts. variable definitions see Table 1.

Unit N Mean Stddev Median Min Max
Panel A: Loan applications
Inference and dependent variables
Number of scoring trials 242,011 1.83 1.63 1.00 1.00 69.00
Cutoff Dummy (0/1) 242,011 0.13 0.33 0.00 0.00 1.00
Default rate 12 months Dummy (0/1) 116,969 0.025 0.156 0.00 0.00 0.00
Customer characteristics
Internal Rating Number (1=Best, 24=Worst 242,011  8.40 3.99 8.00 1.00 24.00
Relationship customer Dummy (0/1) 242,011 0.63 0.48 1.00 0.00 1.00
Age Years 242,011 4524 13.32 44.00 18.00 109.00
Net income per month EUR 242,011 2,665 5,208 2,321 300 2,300,000
Loan characteristics
Loan amount EUR 242,011 13,700 10,665 10,000 2,000 50,000
Number of borrowers 242,011 1.34 0.47 1.00 1.00 2.00
Accepted by bank Dummy (0/1) 242,011  0.70 0.46 1.00 0.00 1.00
Accepted by bank and customer Dummy (0/1) 242,011  0.48 0.50 0.00 0.00 1.00
Panel B: Scoring Trials
Inference and dependent variables
Cutoff Dummy (0/1) 442,255 0.20 0.40 0.00 0.00 1.00
Additional trial Dummy (0/1) 442,255  0.45 0.50 0.00 0.00 1.00
Panel C: Loan officers
Aggregate statistics
Number of scoring trials 442,255 78.50 95.79 43.00 1.00 974.00
Number of distinct loan applicatior 242,011 4296 4780 25.00 1.00 390.00
Number of accepted loans 116,969 20.78 23.93 12.00 0.00 207.00
Success Rate 3M % 242,011 45.85 22.01 4753 0.00 100.00
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Table 3: Example

This table presents the scoring trials for onelsiegnsumer loan originated on May, 04th, 2009.rngka in input parameters are
highlighted in bold. For variable definitions seable 1.

Trial Internal Loan

No. Date rating  Cutoff amount Assets Liabilities Income Costs Status
1 4 May 2009 4:03:24 PM 12 1 4,000 1,800 23,000 1,900 1,080 Automatically rejected
2 4 May 2009 4:14:28 PM 12 1 4,000 1,800 23,000 1,950 1,080 Automatically rejected
3 4 May 2009 4:15:00 PM 11 0 4,000 1,800 10,000 1,950 1,080 Manually rejected
4 4 May 2009 4:15:31 PM 12 1 4,000 1,800 19,000 1,950 1,080 Automatically rejected
5 4 May 2009 4:16:23 PM 11 0 4,000 1,800 10,000 1,950 1,080 Accepted
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Table 4: Univariate results for the number of scomg trials

This table presents for each rating class the nuwitecoring trials before and after the changthecutoff rating in January 2009.
The rating class is based on the initial ratingefach loan application. An internal rating of &the best rating and an internal rating
of '24" is the worst rating. In January 2009 thiffuating was changed from 14 to 11. Column Awbldhe number of scoring trials
before January 2009, Column B shows the numbecafrg trials after January 2009 and Column C pilesia t-test for the
difference. Standard errors are shown in parenshéste **, * denotes significance at the 1, 5 afél percent level, respectively.

(A) (B) ©
Before January 2009 After January 2009 Difference
Internal rating N Mean SE N Mean SE Mean SE
1 4,382 1.456 (0.0144) 9,674 1.453 (0.0097) -0.004 (0.0174)
2 1,325 1.479 (0.0258) 3,128 1.480 (0.0162) 0.000 (0.0305)
3 1,515 1.459 (0.0232) 3,674 1.507 (0.0162) 0.048* (0.0283)
4 2,150 1.480 (0.0219) 5,221 1.504 (0.0136) 0.024 (0.0258)
5 3,699 1.516 (0.0164) 9,516 1.520 (0.0106) 0.004 (0.0195)
6 6,569 1.540 (0.0134) 18,275 1.573 (0.0083) 0.033**  (0.0157)
7 9,828 1.615 (0.0122) 25,969 1.637 (0.0073) 0.022 (0.0143)
8 7,299 1.692 (0.0159) 19,951 1.713 (0.0093) 0.021 (0.0185)
9 6,269 1.686 (0.0157) 17,144 1.749 (0.0102) 0.062***  (0.0188)
10 5,356 1.816 (0.0202) 13,567 1.824 (0.0121) 0.008 (0.0235)
11 6,803 1.809 (0.0177) 16,101 1.928 (0.0135) 0.119*** (0.0223)
12 4,280 1.927 (0.0248) 9,334 2.759 (0.0270) 0.832***  (0.0367)
13 2,790 2.035 (0.0330) 5,808 2.680 (0.0352) 0.645**  (0.0483)
14 2,143 2.088 (0.0416) 4,085 2.578 (0.0394) 0.490*** (0.0573)
15 1,471 3.231 (0.0969) 2,755 2.730 (0.0524) -0.501** (0.1102)
16 872 2.956 (0.1035) 1,683 2.636 (0.0670) -0.321**  (0.1233)
17 630 2.932 (0.1162) 1,190 2.638 (0.0926) -0.294*  (0.1486)
18 486 2.916 (0.1343) 889 2.506 (0.0798) -0.410** (0.1563)
19 386 2.832 (0.1357) 718 2.405 (0.0989) -0.426*  (0.1679)
20 399 2.779 (0.1306) 590 2.393 (0.0970) -0.386**  (0.1626)
21 335 2.946 (0.1710) 481 2.557 (0.1296) -0.389* (0.2146)
22 356 2.989 (0.1574) 520 2.448 (0.1142) -0.541**  (0.1945)
23 402 2.736 (0.1317) 578 2.709 (0.1154) -0.027 (0.1751)
24 585 2.627 (0.1141) 830 2.396 (0.0967) -0.231 (0.1496)
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Table 5: Multivariate results for the number of scaing trials

We estimate the determinants for the number ofisgdrials. The models are estimated using a negi&iinomial model. All incentive, customer, loanddoan officer characteristics
are based on the first scoring trial for each lapplication. For variable definitions see Tabledtercept, year, month-of-the-year, branch and loificer fixed effects are not shown.
Heteroscedasticity consistent standard errorshaners in parentheses. ***, ** * denote significanaethe 1, 5 and 10 percent level, respectively.

(1) (2) 3) (4) (5) (6)
Dependent Number of Trials Number of Trials Number of Trials Number of Trials Number of Trials Number of Trials
Model Negative Binomial = Negative Binomial ~ Negative Binomial =~ Negative Binomial Negative Binomial Negative Binomial
INCENTIVE

Cutoff 0.480*** (0.0040) 0.313*** (0.0093) 0.275*** (0.0099) 0.289*** (0.0104) 0.289*** (0.0142) 0.288** (0.0104)
CUSTOMER

Relationship Customer -0.043***  (0.0041) -0.040*** (0.0042) -0.040*** (0.0043) -0.040*** (0.0057) -0.041*** (0.0043)

Log(Age) -0.056***  (0.0058) -0.051*** (0.0060) -0.047*** (0.0061) -0.047*** (0.0069) -0.047*+* (0.0061)

Log(Income) -0.020***  (0.0045) -0.014*** (0.0048) -0.014*** (0.0049) -0.014** (0.0056) -0.009* (0.0051)
LOAN

Log(Loan amount) 0.157** (0.0024) 0.157** (0.0024) 0.162** (0.0025) 0.162*** (0.0031) 0.164** (0.0025)

Number of borrowers -0.016*** (0.0045) -0.014*** (0.0046) -0.009* (0.0048) -0.009 (0.0057) -0.010**  (0.0048)
LOAN OFFICER

Log (3M average number of 0.271** (0.0057) 0.158** (0.0062) 0.158** (0.0087) -0.057** (0.0073)

trials per loan application)

Log (3M absolute number of 0.015*** (0.0021) 0.023*** (0.0025) 0.023*** (0.0033) 0.005* (0.0033)

trials)

SuccessRate 3M -0.066***  (0.0066) -0.055** (0.0073) -0.055*** (0.0085) -0.002 (0.0081)
Rating fixed effects No Yes Yes Yes Yes Yes
Month-of-year fixed effects No Yes Yes Yes Yes Yes
Year fixed effects No No No Yes Yes Yes
Branch fixed effects No No No Yes Yes Implicit in loan officer FE
Loan officer fixed effects No No No No No Yes
SE clustered on branch level No No No No Yes Yes
Diagnostics
Adj. R? 3.92% 6.27% 13.76% 15.13% 15.13% 17.40%

N 242,011 242,011 226,757 226,757 226,757 226,757
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Table 6: Multivariate results for the number of scaing trials — Regression discontinuity

This table reports estimates for regression thed tise number scoring trials for each initial rgtitass as the dependent variable. In
order to estimate the discontinuity (Initial ratind4.5 for the period before January 2009, Initgimg> 11.5 for the period after
January 2009 ) we estimate seventh-order polyngriifdnel Ia) and local linear regressions (Panenkeither side of the cutoff
using a negative binomial model. Column (A) preseastults for the period before January 2009, col(B) presents the results for
the period after January 2009. Columns (A1) and ¢Bfort results for the estimate of the discoritiniwolumns (A2) and (B2)
report robust standard errors, columns (A3) ang (Bport the number of observations and columng &kl (B4) report the R-
squared. We also report a permutation test p—\@dneath each regression. “Without Covariates” dengressions without any
covariates beyond the initial rating, “With Covaeisi’ denotes regressions which include customientchnd loan officer
characteristics (which are not shown for reasoriz@fity). Panel Il reports the results from the@dary test for the manipulation of
the running variable. Columns (C1) and (D1) reploetestimate of the discontinuity in the densityhaf internal rating at the cutoff
rating, columns (C2) and (D2) report the respecttamdard errors. ***, ** * denotes significancethe 1, 5 and 10 percent level,
respectively.

QY

(B)

Before January 2009 After January 2009
(A1) (A2) (A3) (A4) (B1) (B2) (B3) (B4)
Initial rating Initial rating
Methoc >14 @) (SE Observation R? >110) t-sta  Observation R?
Panel |: Test for discontinuity at the cutoff rating
Panel la: Polynomials
without covariates 0.357**  (0.0735 70,330 4.49% 0.281*+*  (0.0263 171,68: 4.82%
Permutation test-value: 0.000 Permutation test-value: 0.002
with covariates 0.331***  (0.0726) 61,065 1946 0.291**  (0.0259) 165,692 11.47%
Permutation test-value: 0.000 Permutation test-value: 0.001
Panel Ib: Local linear regression
without covariate 0.346%** (0.0915 1,92 1.36% 0.251**  (0.0285 18,66: 1.34%
Peimutation test -value: <0.000 Permutation test-value: <0.000
with covariates 0.284*** (0.0877) 1,690 14.90% 0.252*=*  (0.0276) 18,043 5.70%

Permutation test-value: <0.000

Permutation test-value: <0.000

Panel |I: Test for manipulation of the running variable at the cutoff rating

(C1) (C2) (D1) (D2)
Discontinuity Discontinuity
at rating of at rating of
14.5 SE 115 SE
McCrary test 0.078 (0.2479) -0.031 (0.1106)
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Table 7: Difference-in-difference analysis for theehanges from the first scoring trial to the last sering trial

We estimate the changes in parameters betweeirgharfd the last scoring trial. Column (A) shoWws tesults for all loan applications in which tivstfscoring trial results in a
rating better or equal than the cut-off ratinglu@aon (B) shows the results for all loan applicaiam which the first scoring trial results in aingtworse than the cut-off rating.
Column (C) shows the difference-in-difference estien The variables "Assets / Liabilities" and "@ne-Costs)/Liabilities” are the two main ratios elhdetermine the financial
score. For variable definitions see Table 1. Werep-values of the difference and difference-iffedence estimates in parentheses. ***, ** * demeignificance at the 1, 5 and
10 percent level, respectively.

(A) (B) ©)

Cutoff=0 Cutoff=1 Diff-in-Diff

Parameter Unit First Trial Last Trial Difference First Trial Last Trial Difference Diff-in-Diff

(p-value) (p-value) (p-value)
Probability of default % 0.481 0.482 0.001 5.398 4,790 -0.608 -0.609
(0.6161) (0.0000) (0.0000)
Internal rating Number (1 to 24) 7.362 7.339 -0.023** 15.214 14.584 -0.630*** -0.607***
(0.0119) (0.0000) (0.0000)
Cutoff Dummy (0/1) 0.000 0.004 0.004x*=* 1.000 0.842 -0.158*** -0.162%**
(0.0000) (0.0000) (0.0000)
Financial score 4.334 4,363 0.029%** 3.620 3.807 0.188*** 0.158***
(0.0000) (0.0000) (0.0000)
Socio-demographic score 4.797 4,798 0.001 4.277 4,284 0.007* 0.006
(0.7518) (0.0565) (0.1379)
Schufa score 4.794 4,794 0.000 3.824 3.831 0.007 0.007
(0.9558) (0.3111) (0.3259)
Account score 5.198 5.194 -0.005 3.507 3.513 0.006 0.011
(0.3652) (0.5086) (0.3085)
Loan score 4.109 4,108 -0.001 3.503 3.508 0.005 0.005
(0.757) (0.7577) (0.7252)
Assets / Liabilities % 184.852 192.605 7.753*** 41.473 58.378 16.905*** 9.151***
(0.0009) (0.0000) (0.0035)
(Income — Costs) / Liabilities % 11.881 12.224 0.342* 7.950 9.914  1.964*** 1.621%**
(0.0883) (0.0000) (0.0000)
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Table 8: Default rates by rating class and numberfoscoring trials
This table presents default rates by rating clems sy number of scoring trials before and after ¢hange in the cutoff rating in
January 2009. The rating class is based on therfiting for each loan. An internal rating of ‘X the best rating, an internal rating of
‘14’ is the worst rating for which loans could becapted before January 2009, an internal ratiri@1fis the worst rating for which
loans could be accepted after January 2009. Colursimows the default rates before January 2009, r@olB shows the default rates
after January 2009. Column (A1) and (B1) show tifaudlt rates for loans with one or two scoringl$iigolumn (A2) and (B2) show
the default rates for loans with more than two isgptrials, columns (A3) and (B3) show the diffecerbetween the default rate of
loans with one or two and more than two scoringilgrand columns (A4) and (B4) provide the respegtiwalues based on an exact
Fisher test. For brevity, the number of observati@nnot shown. *** ** * denotes significance tite 1, 5 and 10 percent level,

respectively.

A (B)
Before January 2009 After January 2009
(A1) (A2) (A3) (A) (B1) (B2) (B3) (B4)
Internal Rating Loans with  Loans with > 2 Loans with  Loans with > 2
(from last scoring trial) <2 trials scoring trial Difference  p-value < 2 trials scoring trial Difference  p-value

1 0.088% 0.336% 0.248%  0.3083 0.195% 0.000% -0.195% 0.6076
2 0.147% 0.000% -0.147%  1.0000 0.144% 0.930% 0.786%* 0.0891
3 0.246% 0.000% -0.246%  1.0000 0.509% 0.402% -0.107%  1.0000
4 0.254% 0.575% 0.321%  0.4230 0.300% 0.542% 0.242%  0.3531
5 0.445% 0.365% -0.080%  1.0000 0.813% 0.153% -0.660%*  0.0798
6 0.742% 0.509% -0.233%  0.7910 0.609% 0.680% 0.071%  0.7296
7 1.174% 0.530% -0.645%*  0.0857 1.522% 1.185% -0.337%  0.2510
8 1.297% 0.931% -0.366%  0.4752 1.954% 1.729% -0.225%  0.5830
9 1.961% 2.507% 0.546%  0.3836 2.769% 2.602% -0.167%  0.7516
10 2.731% 2.370% -0.360%  0.6879 3.910% 4.311% 0.401%  0.4735
11 4.745% 5.828% 1.083% 0.2166 7.829% 10.113% 2.285%***  0.0001
12 5.201% 5.687% 0.486%  0.6117

13 7.759% 6.349% -1.409%  0.3644

14 7.091% 12.148% 5.057%**  0.0011

All 2.159% 3.325% 1.166%***  0.0000 2.277% 3.672% 1.394%** 0.0000
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Table 9: Multivariate results for the default rate

We estimate the probability of default over thstfit2 months after origination. The models aravestiéd using a linear probability model. For varatbfinitions see Table 1. Intercept, year,
month-of-the-year, branch and loan officer fixefkefs are not shown. Heteroscedasticity consistamdard errors are shown in parentheses. ****tfenote significance at the 1, 5 and 10

percent level, respectively.

(1) (2) (3) (4) (5) (6)
Dependent Default rate Default rate Default rate Default rate Default rate Default rate
12months 12months 12months 12months 12months 12months
Model Linear Linear Linear Linear Linear Linear
INCENTIVE
Log(Number of trials) 0.011** (0.0010) 0.004*** (0.0010) 0.003*** (0.0010) 0.004*** (0.0010) 0.004** (0.0011) 0.004*** (0.0012)
CUSTOMER
Relationship Customer -0.040*** (0.0017) -0.040*** (0.0018) -0.035*** (0.0017) -0.035** (0.0030) -0.032*** (0.0027)
Log(Age) -0.020*** (0.0018) -0.019*** (0.0018) -0.018*** (0.0019) -0.018*** (0.0023) -0.018*** (0.0023)
Log(Income) -0.011** (0.0014) -0.009*** (0.0014) -0.011** (0.0015) -0.011*+* (0.0018) -0.013*** (0.0019)
LOAN
Log(Loan amount) 0.005*** (0.0008) 0.005*** (0.0008) 0.004*** (0.0008) 0.004** (0.0012) 0.003*** (0.0011)
Number of borrowers -0.040*** (0.0016) -0.041*** (0.0017) -0.035*** (0.0017) -0.035*** (0.0028) -0.032*** (0.0027)
LOAN OFFICER
Log (3M average number of trials
per loan application) -0.001  (0.0017) -0.001 (0.0017) -0.001 (0.0021) -0.004* (0.0022)
Log (3M absolute number of trials 0.007*** (0.0007) 0.004** (0.0007) 0.004*** (0.0011) 0.006*** (0.0011)
SuccessRate 3M 0.001  (0.0019) 0.001 (0.0019) 0.001 (0.0023) 0.001 (0.0024)
Rating fixed effects No Yes Yes Yes Yes Yes
Month-of-year fixed effects No Yes Yes Yes Yes Yes
Year fixed effects No No No Yes Yes Yes
Branch fixed effects No No No Yes Yes Implicit in loan officer FE
Loan officer fixed effects No No No No No Yes
SE clustered on branch level No No No No Yes Yes
Diagnostics
Adj. R? 0.17% 4.06% 4.25% 6.95% 6.95% 11.46%
N 116,969 116,969 109,787 109,787 109,787 109,787
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Table 10: Multivariate results for the default rate: Time per trial and changes to input parameters

We estimate the probability of default over thetfit2 months after origination. The models arevesiéd using a linear probability modebg(Time per Trial) denotes the time from the first to the last sqptital
(measured in hours) divided by the number of sgpttiials minus 1. This item is therefore only aable for loan applications with more than one swptrial. 4(logAssets) [4(logLiabilities), 4(loglncome),
A(logCosts)] denotes the logarithm of the assets [liabilitisspme, costs] from the final scoring trial mirthe logarithm of the assets [liabilities, incomests] from the initial scoring triali(logAssets)>0 denotes
max((logAssets), 0), 4(logAssets)<0 denotes minf(logAssets), 0), the same notation applies to liabilities, incomd aasts. For the remaining variable definitions Bakle 1.Intercept, year, month-of-the-year,
branch and loan officer fixed effects are not shoMeteroscedasticity consistent standard errorstaze/n in parentheses. ***, ** * denote significanat the 1, 5 and 10 percent level, respectively.

@ @ (3 4)
Dependent Default rate 12 months Default rate 12 months Defate 12 months Default rate 12 months
Model Linear Linear Linear Linear
INCENTIVE
Log(Number of trials) 0.010%** (0.0027) 0.004*** (0.0012) 0.004%** (0.003) 0.010%** (0.0027)
Log(Time per trial) -0.0008*** (0.0003) -0.0009*** (0.0002)
A(logAssets) 0.000 (0.0007)
A(logAssets)<0 0.007 (0.0114) 0.003 (0.0119)
A(logAssets)>0 0.001 (0.0008) 0.000 (0.0008)
A(logLiabilities) -0.002%** (0.0005)
A(logLiabilities)<0 -0.002*** (0.0006) -0.002*** (0.0006)
A(logLiabilities)>0 0.000 (0.0011) 0.000 (0.0012)
A(logincome) -0.027 (0.0205)
A(logincome)<0 -0.038 (0.0323) -0.063* (0.0351)
A(logincome)>0 -0.017 (0.0279) -0.006 (0.0291)
A(logCosts) -0.015** (0.0063)
A(logCosts)<0 -0.023*** (0.0079) -0.024%** (0.0084)
A(logCosts)>0 0.004 (0.0123) 0.004 (0.0131)
CUSTOMER
Relationship Customer -0.035%** (0.0037) -0.032%** (0.0027) -0.032%** (@O27) -0.035%** (0.0037)
Log(Age) -0.023*** (0.0036) -0.018*** (0.0023) -0.018*** (@O23) -0.023%** (0.0036)
Log(Income) -0.017%** (0.0029) -0.013*** (0.0019) -0.013*** (@O19) -0.017%** (0.0029)
LOAN
Log(Loan amount) 0.003* (0.0017) 0.003*** (0.0011) 0.003*** (0.0011) 0.003** (0.0017)
Number of borrowers -0.034%** (0.0037) -0.032%** (0.0026) -0.032%** (@O26) -0.034*** (0.0037)
LOAN OFFICER
Log (3M average number of trials per loan aggian) -0.006 (0.0037) -0.004** (0.0022) -0.004** 0.0022) -0.006 (0.0037)
Log (3M absolute number of trials) 0.008*** (0.0018) 0.006*** (0.0011) 0.006*** (0.00m) 0.008*** (0.0018)
SuccessRate 3M -0.006 (0.0040) 0.001 (0.0024) 0.001 (0.0024) .00 (0.0040)
Rating fixed effects Yes Yes Yes Yes
Month-of-year fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes

Branch fixed effects

Implicit in loan officer FE

Implicit in loan officeFE

Implicit in loan officer FE

Implicit in loanféicer FE

Loan officer fixed effects Yes Yes Yes Yes
SE clustered on branch level Yes Yes Yes Yes
Diagnostics

Adj. R? 16.55% 11.48% 11.49% 16.61%
N 45,527 109,787 109,787 45,527
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Table 11: Net margins by rating class and and numlveof scoring trials

This table presents gross and net margins by ratasg before and after the change in the cuttifigan January

2009. Gross margin is the interest rate on the less the refinancing costs (5-year risk-free pites 5-year CDS

spread) of the bank. The net margin is definechagitoss margin less the realized loan lossesrédetmsideration

of operational costs and cost of capital. The zedliloan losses are calculated using default fedas Table 8 and a

recovery rate assumption of 40%. The rating cladmsed on the final rating for each loan. An imérating of ‘1’

is the best rating, an internal rating of ‘14’ ietworst rating for which loans could be acceptetbfe January

2009, an internal rating of ‘11’ is the worst ratifor which loans could be accepted after Janu@®p2Column A

shows the gross and net margin before January, Z8ldmn B shows the gross and net margin afteualgr2009.

Column (Al) and (B1) show the gross margin, , Calu@2) and (B2) show the net margins for loans wvatte or

two scoring trials, columns (A3) and (B3) show ttet margins for loans with more than two scoringgr

(A (B)
Before January 2009 After January 2009
(A1) (A2) (A3) (B1) (B2) (B3)
Net margin = Net margin = Net margin = Net margin =
Gross Margin less Gross Margin less Gross Margin less Gross Margin less
loan losses loan losses loan losses loan losses
Internal Rating Loans with Loans with > 2 Loans with Loans with > 2
(from last scoring trial) I\Sls;?gsli <2 trials scoring trial '\5'3;’;? <2 trials scoring trial
1 2.40% 2.35% 2.20% 4.08% 3.96% 4.08%
2 2.40% 2.31% 2.40% 4.08% 3.99% 3.52%
3 2.40% 2.25% 2.40% 4.08% 3.77% 3.84%
4 2.40% 2.25% 2.06% 4.08% 3.90% 3.75%
5 2.40% 2.13% 2.18% 4.08% 3.59% 3.99%
6 2.40% 1.95% 2.09% 4.08% 3.71% 3.67%
7 4.06% 3.36% 3.74% 5.66% 4.75% 4.95%
8 4.48% 3.70% 3.92% 6.08% 4.91% 5.04%
9 4.48% 3.30% 2.98% 6.08% 4.42% 4.52%
10 4.96% 3.32% 3.54% 6.56% 4.21% 3.97%
11 4.96% 2.11% 1.46% 6.56% 1.86% 0.49%
12 5.56% 2.44% 2.15%
13 5.56% 0.90% 1.75%
14 6.17% 1.92% -1.12%
All 4.06% 2.76% 2.07% 5.66% 4.29% 3.46%
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Table 12: Robustness test / Model choice
This table presents robustness tests for the raultite analyses from Table 5 and Table 8. Panélofvs a robustness test for the
number of scoring trials using a Poisson and atimeodel in addition to the negative binomial mgakelsented in Table 5. Panel B
shows a robustness test for the default rate wstanditional logistic regression in addition te tmear probability model presented
in Table 8. Only the coefficient for the cutoff dom are shown in Panel A. Only the coefficient foe togarithm of the number of
scoring trials is shown in Panel B. All coefficiergre from a multivariate specification of the exgfve model including all customer,
loan, and loan officer characteristics and yeamtmaf-the-year, and loan officer fixed effectsr Fue conditional logistic model in
Panel B we report marginal effects to facilitatenp@arison of the coefficient to the linear modeltétescedasticity consistent

standard errors are shown in parentheses. ****tfenote significance at the 1, 5 and 10 percerdl)eespectively.

Method Parameter Coefficient SE

Panel A: Number of scoring trials

Negative Binomial Cutoff 0.288*** (0.0104)
Poisson Cutoff 0.290*** (0.0100)
Linear Cutoff 0.226*** (0.0105)

Panel B: Default rate

Linear Log(Number of trials) 0.004*** (0.0012)
Conditional Logistic Log(Number of trials) 0.003*** (0.0008)
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Table 13: Robustness test / Regression discontinyit

This table reports robustness tests for the reigmesiscontinuity analysis. Panel | reports restdtsdifferent choises of the higher-
order polynomial of the running variable (initiatérnal rating). The results for th& rder polynomial is identical to Panel la from
Table 6. Panel Il reports a version with collapdath where scoring trials are collapsed into distiuckets based on the initial rating
grade. Column (A) presents results for the periefte January 2009, column (B) presents the reRulthe period after January
2009. Columns (Al) and (B1) report results forélstimate of the discontinuity, columns (A2) and \B&port robust standard errors,
columns (A3) and (B3) report the number of obséovatand columns (A4) and (B4) report the R-squatdidegression include our
standard set of covariates which include custoniiemt and loan officer characteristics (which ace shown for reasons of brevity).
*x xx * denotes significance at the 1, 5 and p@rcent level, respectively.

(A (B)
Before January 2009 After January 2009
(A1) (A2) (A3) (A4) (B1) (B2) (B3) (B4)
Initial rating Initial rating
Methoc > 14 @) (SE Observation R? > 11 @) t-sta Observation R?

Panel |: Data not collapset
Order of polynomials
1% order polynomial 0.404***  (0.0253) 61,065 19.73% 0.350***  (0.0108) 165,692 11.43%
39 order polynomial 0.404**  (0.0431) 61,065 19.75% 0.337**  (0.0168) 165,692 11.45%
5" order polynomial 0.346***  (0.0551) 61,065 19.75% 0.328***  (0.0228) 165,692 11.46%
7" order polynomial 0.331***  (0.0726) 61,065 19.76% 0.291**  (0.0259) 165,692 11.47%
9" order polynomial 0.347**  (0.0711) 61,065 19.76% 0.317**  (0.0228) 165,692 11.47%
Panel II: Collapsed data
Order of polynomials
1% order polynomial 0.336%** (0.028) 714 67.96% 4 0% (0.0144) 1,236 61.99%
39 order polynomial 0.366*** (0.040) 714 68.30% 0127 (0.021) 1,236 62.03%
5" order polynomial 0.280*** (0.065) 714 68.47% 033 (0.033) 1,236 62.49%
7" order polynomial 0.336*** (0.075) 714 68.61% 025 (0.034) 1,236 62.72%
9" order polynomial 0.303*** (0.095) 714 68.84% 0517 (0.038) 1,236 63.52%

49



