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Do RELATIONSHIPS MATTER? EVIDENCE FROM LOAN OFFICER TURNOVER

Alejandro Drexler and Antoinette Schoar

Abstract

We show that the cost of employee turnover in firms that relgecentralized knowledge and per-
sonal relationships depends on the firms’ planning horizahthe departing employees’ incentives to
transfer information. Using exogenous shocks to the miatiip between borrowers and loan officers,
we document that borrowers whose loan officers are on leavkess likely to receive new loans from
the bank, are more likely to apply for credit from other bardesd are more likely to miss payments or
go into default. These costs are smaller when turnover is@eg as in the case of maternity leave, or
when loan officers have incentives to transfer informatéenin the case of voluntary resignations.
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1 Introduction

The recent management literature has documented that mioiches rely heavily on human capital intensive
technologies and flatter organizational structures, whltdws authority and responsibility to be delegated
more widely in the organization (see for example Rajan antf {2006) or Guadalupe, Li, and Wulf (2013)).
As a result, knowledge about specific firm processes or dl@ationships is dispersed across employees
throughout the organization. Often this knowledge is ‘ttami relationship-specific and therefore difficult to
transfer to someone el$eEnsuring the transfer of this decentralized knowledgesscemployees, therefore
becomes a central management challenge for firms. The taskiafaining critical information and client
relationships within the firm becomes especially importargituations when an employee leaves the firm,
either voluntarily or involuntarily.

A prominent industry in which employees have a lot of deadizied information and are crucial in
maintaining client relationships is commercial bankingah officers play a key role in screening poten-
tial borrowers, making credit assessments, and monitdhiagoorrower over the loan cycle. These tasks
are particularly challenging when lending to private firmssmall businesses where information is often
difficult to obtain and verify (Rajan 1992, Petersen and Rdja95, Berger and Udell 2002). A close and
trusting relationship between the loan officer and the eerds seen to be instrumental in obtaining “soft”
information (Uzzi and Lancaster 2003) and retaining cienThe positive effect of a close relationship
may be reinforced if clients develop personal loyaltiesamivtheir loan officers. Such relationships may
decrease the likelihood of future problems for the orgditinasuch as borrowers’ moral hazard (Paravisini
and Schoar 2012). However, on the downside, relying extelyson loan officers’ personal contacts with
the borrowers may make them indispensable in the lendingeps) creating a management challenge when
a loan officer leaves. Stein (2002) and Berger, Miller, Batier Rajan, and Stein (2005) argue that soft

information cannot be easily transferred within the bankicl affects the organizational structure and the

IThis idea goes back to Polyani (1966).



limits the bank’s size.

In managing employee turnover, the transfer of soft infdromacan be especially problematic if bor-
rowers are reluctant to provide private information to daepment loan officer. Indeed, a consistent finding
in the management literature is that interpersonal tiecathe type of knowledge that economic agents are
willing to share. For example, Uzzi (1996) and Uzzi and Latea(2003) study the extent to which in-
formation transferred in an embedded relationship is @iffefrom information transferred at arm’s length,
and find that information transferred in embedded relahigssis more private, proprietary and tacit.

While a number of papers have shown the relevance of stramtgionships on firms’ outcomes and
strategies, there has been little research about the @ssisiated to disruptions to these relationsRif$e
ability of firms to mitigate and manage the costs of turnowesiiuations where employees have decentral-
ized information can have broad implications for the optisiae of the firm, the span of control, and the
hierarchical structure of an organization.

In this paper we use a novel strategy to study the extent tohwthie cost of employee turnover can be
mitigated by the firm. We obtained detailed transactionllee¢a from BancoEstado, the largest lender to
small businesses in Chile. Since these loans are issuedsaspkloans and are de facto un-collateralized,
they rely heavily on soft information and possibly on thatieinship between the borrower and the bank.
In the data we identify loan officers who leave their job aithermanently or temporarily interrupting the
personalized relationship between the clients and the.bamid we study how the access to credit, the
repayment behavior, and the loyalty of the client towardshthnk are affected by these interruptions. This
approach also allows us to compare the impact of leaves thaxagenously caused and unplanned versus
those that can be anticipated by the bank.

We document that the relationship between loan officers lagid tlients has first-order effects on the

2Notable examples of how information affects firms’ decisi@md structure are Haunschild and Beckman (1998) which finds
that director interlocks affect firms’ mergers and acqigsg strategies and, Hansen (1999) who shows that stranbeieveen the
units of a firm affect the speed at which the firm can develop peaucts.



borrowers’ access to credit. If the original loan officerlisant, we observe a 19.73% drop in the uncondi-
tional probability that a client gets a new loan during thaiet period® When decomposing this drop in the
application rate of the client and the approval probabdityhe bank, we see that not only does the approval
rate drop by more than 5%, but the rate at which clients apmlynéw loans also falls by about 0.91%,
which represents a 13.34% reduction in the unconditionalbgibility of applying for a new loan. At the
same time, we do not observe any significant changes in degdit after a loan officer leaves; for example,
interest rates and loan maturity are, on average, unchand@dever, there is a significant increase in the
probability of a client becoming delinquent or even defaglion a loan when the original loan officer is out.
For example, clients in good standing increase their priiyabf becoming delinquent by 21.53% com-
pared to the average probability of becoming delinquenttheamore, for those borrowers who are already
delinquent, the probability of default shoots up by 18.318mpared to the unconditional probability of
defaulting* Finally, only 11% of clients who have been rejected for a lbgrthe replacement loan officer
are able to borrow from the outside loan market, which hgitth that the credit constraints cannot be fully
offset by borrowing outside the bank.

The next step in the analysis is to test whether companiesnii@gate the cost of employee turnover
by facilitating information transmission. For this purposve look at variations in (1) how well the absence
of a loan officer can be planned in advance, since it should dre miifficult to transfer soft information
in the case of completely unplanned leaves, and (2) wheltieedeparting loan officer has any incentives
to collaborate in conveying information to a replacemeanlofficer. We observe four different types of
leaves: sickness, resignation, maternity, and dismissalur setup the timing of a sick leave is difficult to
plan in advance because we study cases of major and unexpémtsses. Even though the officer might

have incentives to convey soft information to a replacemtet severity of the disease usually prevents it.

3The change in the unconditional probability is estimatethasratio between the absolute change (1.18% from tablend), a
the unconditional probability (5.98% from table 2). We usis tonvention throughout the paper.
“4A client is considered in default if he or she has late paysiefimore than 90 days.



Here the replacement loan officer might not be able to acagssfahe soft information the previous loan
officer had acquired. In comparison, a loan officer who is @gsed might have sufficient lead-time but
no incentives to cooperate with the replacement. In conmaaternity has a nine-month lead time, during
which the bank could ensure that the replacement loan ofiggven information on the soft factors of the
borrowers. Alternatively, in the months that precede tlhede a pregnant loan officer might be able to issue
additional credit to compensate for the shortage in crédit is expected during the leave. In the case of
resignations, loan officers give a few weeks notice befoeg thave, which is usually enough time to brief
the replacement loan officer. If we see a deterioration iditterms, even in the last two instances, it would
suggest that soft information is difficult to transmit evehnem given enough time.

We find that clients whose loan officers take sick leaves ar@%ess likely to get a new loan from the
bank during the time of the absence, compared to the averagalility of getting a new loan, which is
5.98%. This is driven by a strong decrease in the likelihdwd tlients apply for a loan. The approval rate
also shows an economically significant reduction, but treagk is not statistically significant. Furthermore,
these clients show a 2.15% increase in the probability dirgea loan from another bank, which is almost
13% higher than the probability for an average client in @gle. This suggests that a significant subset
of these borrowers are a reasonable credit risk ex antes amoutside bank is willing to lend to them. Nev-
ertheless, these borrowers experience a very significargase of 0.95% in the probability of delinquency.
Overall, these results suggest that the sudden leave ofi@ffieer has a significantly negative impact on the
access to credit and the loyalty of clients. The sick leavelminterpreted as a quasi-baseline, since loan
officers do not have a chance to transfer information to tlegitacement due to exogenous circumstances.

Clients of loan officers who are on maternity leave show alaingiecline in their likelihood of getting
a loan. However, the decline seems predominantly drivendpp in the application rate during the loan
officer's absence, not a reduction in the approval rate. Atsdime time, these clients show no propensity

to go to a bank outside of the current relationship. We find din@ of the reasons for this outcome is that



borrowers are more likely to take out a loan in the monthsieetioeir loan officer goes on maternity leave.
While this effect is observable for maternity leaves, it & seen in other types of absences. It appears
that pregnant loan officers prepare for their absence bygelteir clients up with a loan before they leave,
possibly because they anticipate that the soft part of theermation is difficult to transfer, and that a close
relationship between the replacement loan officer and thewers is difficult to achieve in the short term.
In addition, these clients show an increased propensitg tatl on their loans and even default, which may
suggest that these clients feel less loyalty to the intepim lofficer.

In the case of resigning loan officers (who usually resigrabee they have received an outside offer),
conditions should be optimal to transfer information sitteere is enough lead time and the departing loan
officer has no incentives to withhold information from thesessoP. Interestingly, in these cases we do not
see a drop in access to finance. Furthermore, these clienmist dpproach an outside bank, which confirms
that their access to finance does not change much. Whilekgidéhbod of the clients missing one month of
payments also increases when their loan officer is hired ,athaylikelihood of outright default on a loan
does not increase. This could be a sign of transitory adjistroosts rather than a situation in which the
portfolio permanently deteriorates when the previous lofficer leaves.

Finally, in the case of the portfolio of loan officers who aisndissed, we see a much stronger drop in
the probability of getting a new loan compared to all otherdki of absences; this is driven equally by a
reduction in approval rates and application rates. Theadsis a significant increase in the probability that
clients are late on their loans and default. In fact, in thextihg@receding the dismissal, we already see an
increase in defaults. It appears that the dismissed loareadfimake bad loans, and these clients do not get
credit after the turnover. The new incoming loan officer ¢fi@re has incentives to report poorly performing

borrowers to start with a clean slate of clients. For a sindfgument see Hertzberg, Liberti, and Paravisini

5Anecdotal evidence suggests that the incentives to traimét@mation are mostly explained by career concerns. ddgéhe
loan officer job market is highly specialized with a 6-montinfial training course plus important training in the field addition,
the market is small, and people from different banks knovwhesher. Therefore, when loan officers change banks, they twan
keep their reputation in the industry to maximize their fetoutside opportunities. In particular, they do not warthégerceived
as disloyal by stealing clients, or considered poor perérmif their old portfolio defaults just after they leave thenk.



(2010).

Overall, these findings suggest that disruptions to thdioelship between the borrowers and the loan
officers reduce the availability of soft information and tbgalty of the borrowers towards the bank. An
alternative explanation would be that loan officers prowdedit to friends and family at favorable terms,
and when the loan officer leaves they are not able to renewltdais, and stop paying. The key difference
between the two hypotheses is that under the first the loateofflient relationship is beneficial to the
bank, while under the second it hurts the bank. While we cafully reject this alternative, the evidence
suggests that lending to family and friends at favorablenseis uncommon. First, under the alternative
explanation, family and friends in financial distress wogdd credit from the original loan officer but not
from his replacement; thus the proportion of new loans id$adorrowers in default should decrease when
the loan officer leaves. In contrast, we find that the proportf borrowers in default who get a new loan
only decreases when a loan officer is dismissed, which stgpfiar idea that, for the most part, loan officers
do not lend to friends and family in financial distress. Samljl, when a loan officer leaves unexpectedly
due to sickness, there is deterioration in payment behavitire portfolio, but the clients are still able to
access outside credit, suggesting that these clients edlé wrorthy. We also interviewed a number of bank
managers who confirmed that loan officers do not behave inegsop

As a final step, we investigate whether the impact of loanaffiddbsences varies with the characteristics
of the borrowers. If relationship lending is less importensituations with more reliable hard information,
we should see a smaller effect for these firms when the oti¢iiaa officer leaves. We find interesting
heterogeneity depending on the type of leave. For loan offiedo are out due to sickness and thus did
not have time to transmit any soft information to their reglment, we see a sharp decline in credit to
small and low credit score clients. This reduction is eveargfer for female clients since they usually
have fewer assets and thus rely more on soft informationingndOn the other hand, there is almost no

reduction in the access to credit for large borrowers angetioat have high credit scores (who are usually



seen as less opaque borrowers). For the portfolio of predoamn officers, we find qualitatively similar, but
guantitatively weaker, heterogeneous treatment effects.

In contrast these heterogenous treatment effects do nottedse important for loan officers who resign
or are dismissed. For resigning loan officers, we see nordiffation based on observable information.
Interestingly, even for the borrowers with the worst obabte characteristics, we do not see a reduction
in credit. This might indicate that resigning officers aréeab successfully brief their replacements about
the soft (and hard) information of their clients. Lastlyy fdients of dismissed loan officers, we see a
drastic decline in access to finance for all types of borrewerdependent of observable characteristics.
Furthermore, the reduction in the approval rate is paditylistrong for clients with long relationships with
the loan officer. We think that low-quality loan officers try hide their bad past lending decisions by
renewing loans to their under-performing old clients. Otteelow-quality loan officers are dismissed, these
clients are less likely to get a new loan.

Taken together, the results suggest that the impact of gi@ploirnover is less severe if there is sufficient
lead time before the transition and if the affected emplsyeve incentives to transmit information to their
successor (as is the case of maternity leaves or voluntargnigtions). However, in situations in which
a loan officer lacks the time or the incentives to transmitvdedge to his replacement the relationship
between the bank and the client suffers: important sofrimédion between the loan officer and the client

is lost, and the loyalty of the client towards the bank desesa

2 Literature Review

Our paper contributes to the literature on the relevanceoofak relationships in information transmis-
sion. This literature highlights how personal ties faatkt information flow between and within companies
(Haunschild and Beckman 1998, Hansen 1999, Argote, McEailgt Reagans 2003, Levin and Cross 2004).

Social relationships have also been documented to playcatmole in the banking industry (Uzzi 1999,



Uzzi and Lancaster 2003), and in particular in the collectdinformation about borrowers. For example,
in Uzzi and Lancaster (2003), the authors interview a samilean officers in Chicago, and describe how
social relationships influence the type of information thatrowers are willing to disclose. They find that
only embedded ties facilitate the transfer of private infation, which is consistent with our findings.

Our paper also contributes to the literature on relatignémding and the role of soft information in
the credit process. A number of recent papers compare thet eff individualized credit evaluation via
loan officers versus rule-based credit scoring based onihfmanation. For example, Qian, Strahan, and
Yang (2011) study the reform of a Chinese bank that led to egaddéibn of credit risk assessment to the
individual loan officer. The authors find that, as a result, ghedictability and performance of credit rating
metrics improve. Berg, Puri, and Rocholl (2012) study a bahkre loan decisions are based solely on hard
information input by loan officers into a scoring system. yfiad that loan officers’ discretion even plays
a role in hard information lending, since loan officers carkena judgment on the data they collect. The
authors show that loan officers use more scoring trials fam Epplications that do not pass the cut-off rating
in the first trial. Consequently, the number of trials pesity predicts future default rates. Paravisini and
Schoar (2012) find that providing loan officers with hard mfiation based on credit scoring increases the
efficiency of their decision making. The specific channeytidentify is that hard information leads to more
accountability and, therefore, increased incentives. l@nother hand, Banerjee, Cole, and Duflo (2009)
points out that one of the dangers of relationship lendinbdsloan officers can hide bad firm performance
and evergreen loans until they are too late to save.

A related strand of the literature looks at the importanceistance to the bank as a measure of how
much a bank can rely on soft information. For example, Bengidter, Petersen, Rajan, and Stein (2005)
find that larger banks lend to more distant clients comparedialler banks, but are more likely to use credit
scoring based on “hard information” tools. However, theyndofind that the net access to credit is lower for

firms that borrow from either of these types of lenders. Sinyi] Agarwal and Hauswald (2010) find that



borrowers that are closer to a bank get larger amounts, $otabre expensive credit from the bank. And in
turn, more distant borrowers get less credit from the bauokihe credit is cheaper. Mian (2006) finds that
geographical and cultural distance reduce the ability efdainks to rely on soft information, to renegotiate,
and to recover defaulted loans. As a consequence, bankserededit to distant opaque firms. Our findings
complement this work since we focus on the impact of indigldaan officers within a relationship lending
process, rather than the difference between one credihesgnd another.

Finally, two studies that examine the impact of loan offieenbvers are Hertzberg, Liberti, and Par-
avisini (2010) and Fisman, Paravisini, and Vig (2012). Th&t fdaper shows that after a turnover, the new
loan officer has an incentive to reveal the poorly performiagans of the prior loan officer in order to start
with a clean slate. The second paper analyzes the role alsoul ethnic ties for the credit screening of a
loan officer. The authors find that loan officers find it easieadsess the credit worthiness of people with
whom they share a similar ethnic and religious backgroundc¢comparison, we focus on the opposite side
of the turnover; by focusing on the departing loan officer,o&r analyze the distortions in access to credit
for the existing portfolio when client relationships ar¢eimupted. It also allows us to analyze whether in-
formation is transferrable between loan officers. In conspar, the above papers analyze the impact of an

arriving loan officer on the selection choices that they make

3 The Setting

We analyze the credit characteristics and repayment bahafismall businesses that take loans from a
large bank in Chile, BancoEstado. We obtain loan infornmafar all of the clients that have taken loans
from the micro-credit division of the bank. Only clients Wwigearly sales below US$ 110,000 can borrow
from the micro-credit division; clients exceeding this itimnust borrow through the regular lending process
of the bank. The micro-credit division of the bank has 210,6lkents, of which 187,000 were borrowers

(had non-zero debt) at some point during the period of thidyst2006-2008. The micro-credit division



operates independently of the rest of the bank and has itdaamproducts, credit assessment technology,
and branch personnel.

The bank has three zones: the north of Chile, the metropdditea of Santiago, and the south of Chile.
The metropolitan area consists of the capital city, Santiagd the counties surrounding it. Northern Chile
consists of the counties located north of Santiago, ancheautChile consists of the rest of the counties
located south of Santiago. Each zone is divided into “masilila geographical subdivision that can contain
one or more cities or rural counties depending on client ierifhere are 22 “modulos.” Each “modulo”
has several branches, although not all branches offer roredit services.

Clients can choose freely which branch they go to, but ugsalect the branch that is closest to their
business. In addition, clients rarely switch branchesamthey relocate their home and/or business. How-
ever, some clients prefer to go to a bigger branch, even & ib¢ated further away from their home or
business. Once the client has chosen his or her branch]dlcat&n of new clients to loan officers works as
follows: the new clients go to the branch and are allocatdti@dirst available loan officer. This allocation
of new clients to loan officers is random within branches. Ewesv, once a client has been assigned to a loan
officer, they usually stay with this person for the duratidtheir time as a client of the bank.

Loan officers divide their time between meeting clients,cpasing loan documents at the office, and
conducting field work. In the field, loan officers visit clisnwho are delinquent in their payments to assess
their financial situation, and they visit the businessesliehts who are applying for a loan to estimate
the clients payment capacity (per month free cash flow). Lafficers often also give financial advice or
investment advice to their clients. They are even constiyetteir clients about when to get a loan or how
large a loan to ask for.

The lending decision depends on two variables: the paynagrataity and the risk category of the client.
The loan officer estimates the payment capacity based ofieé€xbusiness cash flow, household expenses,

and nonbusiness-related income. Many of these variabéasadformally recorded, and therefore the value
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reported to the bank is at the discretion of the loan officéictvincreases his decision making power. The
risk category is estimated by a central risk departmentdaséchard information, and therefore cannot be
modified by the loan officer. Together these two dimensionsrdene the size of the loan and the interest
rate at offering.

Most loans are issued at the personal level and therefaee th no limited liability. Nonetheless, seiz-
ing the personal assets of a micro-credit borrower in Chilextremely costly and sometimes not possible.
Specifically, litigation costs for this type of claim are higompared to the expected recovery. Furthermore,
for this type of claim, the legal system is slow, and therelaopholes allowing a defaulting borrower to
hide or sell valuable assets before the bank can seize thewewdr, defaulting on a loan is still costly
for the client. A delinquent client is reported to the crdaliteau, thus severely affecting the client’s future
ability to access the formal loan market.

In addition, it is important to understand the incentivestf@ loan officers. Loan officers have a base
salary and a performance bonus that can be up to 20% of tresrdadary. The performance bonus depends
on the volume of new loans and the default rate of the poatfollhe base salary ranges between US$
1,000 and US$2,500 depending on the seniority of the loaneoffiAnecdotal information obtained from
the managers and loan officers suggests that a 20% variafles lgenerates strong performance incentives.
This ensures that it is in a loan officer’s best interest t@stweffort in the collection of soft information
and use it for credit assessment. In addition, it may alsegmtea new loan officer from blindly lending to

people whose overall credit risk they cannot assess.
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4 Data and Empirical Strategy

4.1 The Data

Using data from the internal records of the micro-creditsion of the bank, we construct a monthly panel of
all the loans that are sanctioned in a given month and theymegat history of those loans. This information
is extracted directly from the bank’s internal managemsfarmation system and contains information on
loan size, interest rate, maturity, whether there is a gpmred, credit score, repayment data, and total
credit amount in the formal financial market. The repaymafdrmation is divided according to the time
elapsed since the payment became delinquent; these cengleliaquent payments less than 31 days old,
delinquent payments between 31 and 90 days old, and defihgagments more than 90 days 8l&ased

on the banks records, we reconstruct the length of the sektip between the loan officer and the client—
that is the number of months the client and the loan officee leeen working together.

The panel is merged with a second database that comes frohuthan resources department of the
bank itself. This database contains information on tenmgaaad permanent loan officers’ leaves, including
sick leave, maternity leave, layoffs, and resignationaldd contains the loan officers’ starting dates as well
as other demographic variables about the loan officers, asielge, gender, and marital status.

The panel covers three years (2006-2008) and compriseshmatiservations from 187,000 clients
and 480 loan officers. In the estimations, we only include lofficers that have at least 50 active clients
in their portfolio, where active clients are defined as ¢kemaving at least $10,000 Chilean pesos in debt
(approximately US$ 20).

In Table 1, we present the characteristics of the loan offiaad their absences. We observe that 47%
of the loan officers are men, 62% are married, and their agesgg and years of experience at the bank is
33 and 4.1, respectively. The average number of activetsliger loan officer is 339, where an active client

is defined as a borrower with more than US$ 20 in outstandiagdo A loan officer is considered absent

6|n the paper we consider that a client is in default if he orlsfi®delinquent payments of more than 90 days.
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if during a month he or she worked less than two weeks. We haveah officers that had sick leave, and
a total of 43 sick leave episodé%.The average length of each sick leave is 2.12 months withralatel
deviation of 1.18. We have 33 loan officers that had matetadye and 34 maternity leaves; the average
length of a maternity leave is 4.64 months with a standardéatien of 1.12. It is important to mention that,
by law, maternity leaves in Chile were 4.5 months long atitne ©f the study. We also have 26 loan officers
who were dismissed and 15 loan officers that voluntarilygresil. We have anecdotal evidence that most of
the people who quit their jobs received offers from otherldsan

In Table 2, we present the characteristics of the clientseabeginning of the sample period. We present
separately the characteristics of the clients from loarcef§i that are never absent during the sample period
and the characteristics of the clients from loan officers hdae absentee episodes during the sample period.
In the last column, we present the t-test for the differennesharacteristics between the two groups. We
note that none of the differences are significant, which stppur view that the findings in the paper are
not driven by ex-ante self- selection. We observe that ingimgn month, the probability that a client gets
a new loan from BancoEstado is 5.98%, and the probabilityaitdient gets a loan outside BancoEstado is
16.92%. While the probability of getting a loan outside Baiastado is much higher, the size of the loans
obtained from outside banks is significantly smaller. Trenbaverage monthly interest rate is 1.65% and
average maturity is 24.67 months. The probability that antlimisses a payment in any given month is
4.04% and the probability that a client defaults (cond#ioon already being delinquent for more than 60
days) is 33.26%. The average relationship length betwembahrower and the loan officer, measured at
the beginning of the sample, is 11.1 months. However, thigsme is biased downward because we only
observe two years of data at that time. To reduce the biaseilast two rows of table 2 we include summary

statistics of the relationship length observed at the entth@fsample period. At that time we observe 60

7Some loan officers were sick more than once during the studgcheHowever, in the calculations, we only consider the firs
leave, as the subsequent leaves might be anticipated esl&ps the first one.

81t is possible that some of the sick leaves are planned arslekpected. However, according to the 2006 National Hdspita
Survey (Buie, Owings, DeFrances, and Golosinskiy 2010y @6 of surgeries are planned. Furthermore, the most fréque
planned leaves are cosmetic surgeries which are excludad analysis.
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months of historical information and the bias is thus lovildre average length of the relationship with the

most recent loan officer is 22 months, and the longest relstip length of each client averages 34 months.

4.2 Empirical Strategy

To estimate the effect of loan officer turnover on a clientisdit availability and repayment behavior, we
estimate a panel regression at the client level. We includlexany variable that takes the value of one when
the loan officer is absent and zero otherwise. Each panedsgign includes time and client fixed effects,
and it controls for the loan time to maturity and the chandsties of the loan office?. To avoid biasing the
comparison group, we exclude from the estimations the tslitrat have experienced a loan officer leave
which is different from the leave being estimated. For exanpwe estimate the effect of a maternity leave,
we exclude clients who have had their loan officer leave dsictaness, dismissal, or voluntary resignation.

This leads to the following specification:

Yi = C+ Bleavd€ave + 2B Controk j; + ¢ + N + &, 1)

whereY; is the dependent variable for clieirat timet. Theleave is a dummy variable that takes the value
of 1 if the loan officer of client is absent at timg, and zero otherwise. THgontrol ;; are control variables
for loan officerj (the loan officer of client) at timet, i captures time fixed effects); captures client’s
fixed effects. Time is measured in months. Standard errerslastered at the loan officer-level.

We also estimate how the effect of loan officer turnover ckangith the characteristics of the clients
that proxy for the relevance of soft information. In partaaywe estimate the interaction effects between

the variabldeaveand: i) the loan size of the client, ii) the credit score of tient, and iii) the gender of

9To control for time to maturity, we divide the loan cycle iriem intervals, one being a newly issued loan and ten beingra lo
that is close to expiration. We then create a dummy for eaemial. This approach addresses nonlinear effects betmedurity
and the dependent variables.
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the client. This estimation leads to the following specifimat

Yit = C+ Bleavd€ave + ZPieavex varl€ava x vargi +

Zagvari + ZBiControl j; + P + Ni + i, (2

where all the terms are similar to equation 1, amak; is the variable that is interacted with the leave

dummy: size, score, and gender for clieat timet.

5 Results

5.1 Aggregated Effect of Loan Officer Turnover

In Table 3, we present results from an aggregate specificaticoss all types of leaves (i.absenttakes

the value of one if the loan officer is sick, is on maternitykeds dismissed, or resigns). In the first column
of Table 3, we observe that loan officer absence generateduatien of 1.18% in the probability that the
client gets a new loan from the bank, which represents a ¥®ré8uction as a fraction of the unconditional
probability of getting a loan from the bank. In columns (2H4B8), we observe that the reduction in the
probability of getting a new loan is explained by both a reiurcin the application rate for new loans and a
reduction in the approval rate per application. In paricuthe application rate for new loans decreases by
0.91%, which represents a 13.34% decrease as a fractioe ahttonditional probability of applying for a
new loan. Lastly, the approval rate decreases by 5.05% hwhjaresents a 5.76% decrease as a fraction of
the unconditional approval rate. In column (5), we obsehat lban-officer absence increases by 0.87% the
probability that a client who is up to date with his or her pays will miss a payment, which represents
a 21.53% increase as a fraction of the unconditional prdibabf missing a payment. And in column (6),
we show that for clients that have been delinquent for moae 80 days, loan officer absentees increase

by 6.09% the probability that he or she will default, whiclpresents a 18.31% increase as a fraction of
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the unconditional probability of default. In columns (7)da8), we observe that loan-officer turnover does
not have a significant effect on interest rates or the maardf newly issued loans. Finally, columns (9)
and (10) show that loan officer turnover does not have a sigmifieffect on the average loan size with

BancoEstado. However, loans issued by other banks are lamge/erage.

5.2 Differences Across Types of Leaves

The analysis in Table 4 is similar to the analysis in Table BHdvaaks out the different types of absences
separately. The first panel of this table shows the resultsidi leaves. The sequence of dependent variables
follows exactly the same set up as Table 3. In columns (1utfin3), we see that the probability that the
client gets a new loan from the bank drops by 1.19% when the &ffcer is sick. The change in the
likelihood of getting a new loan can be divided into two sepamparts: a change in the application rate of
the client and a change in the approval probability. Theiagfibn rate decreases significantly, by 0.95%,
when the loan officer is sick. The approval probability isueed by 3.48% but is not significant. As a
result, it seems that clients whose loan officers are sicR.d%% more likely to borrow outside of the bank.
Finally, the probability that a client who is not delinquesill miss a payment increases by 0.95%. The
probability of default is unaffected, however.

In comparison, clients whose loan officer goes on materpitlyd see a 1.03% drop in their access to
credit, which is mainly driven by a 0.94% reduction in apgtions for loans. Delinquencies go up by 0.76%
when the loan officer is on maternity leave, and the likelthod defaulting conditional on having already
been delinquent for more than 60 days goes up by 8.54%. Haowhedikelihood of taking up a loan from
another bank does not increase significantly.

When looking at layoffs, we see a much larger reduction, @pprately 1.77%, in the likelihood of
getting a new loan from BancoEstado. A large fraction of thip is explained by a reduction in approval

rates of 7.36%. However, at the same time, these clients tsemoa significant increase in outside credit,
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which might suggest that they are not perceived as acceptabbit risks by other lenders. Clients of
dismissed loan officers also have a rise in the late payménbfé.92% and a 12.28% increase in default
for clients who have been delinquent for more than 60 days.

Finally, clients of loan officers who voluntarily resign sseminimal change in the likelihood of obtaining
credit from the bank. These borrowers also see no change prttability of getting outside credit, which
might be simply a function of not being constrained at albthgh the transition. There is however, an
increase of 1.16% in 30 day late payments when the loan offisggns. The default rate for these clients

does not increase.

5.3 Are Loan Officer Absences Planned?

In Tables 5 to 6, we break out the analysis for each type otleaparately to study how access to credit and
repayment behavior change in the month that precedes the & are concerned that banks can plan the
absence and issue more credit before the loan officer leAdekitionally, clients might apply for a new loan
just before the loan officer leaves if they anticipate beirgglit constrained by the substitute loan officer.

For sick leaves and resignations, we do not observe a charige probability of getting a new loan in
the month that precedes the leave. We also do not observesctipplying for new loans more intensively
just before the loan officer leaves. This is reassuring forhgpothesis that these types of absences are not
planned in advance.

A different story emerges for maternity leaves. In the mahét precedes the leave, there is a significant
increase in the application rate for new loans with Bancaditstand a reduction in the probability of taking
a loan from another bank. This confirms that, in particulastamity leaves are planned and loan officers
seem to provide their clients with sufficient access to fieananticipation of the time that they are going
to be out of the office.

For clients of dismissed loan officers, we observe an ecoraliypilarge reduction in the probability of
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getting a new loan in the month before the leave. While thssiltés not statistically significant, it might
still be an indication that the bank limits credit to borraw@f poor performing loan officers even before

dismissing them.

5.4 Interactions With Client Characteristics

In Tables 7 and 8 we look at heterogeneous treatment effectofrowers with larger loans and borrowers
with higher credit scores. The idea is that these are ohiskercaaracteristics we could obtain from the bank
and are usually associated with less opaque credit riskssemt. We also look at heterogeneous treatment
effects for female borrowers, since they usually have feassets and thus rely more on soft information
lending. As before, we break out the analysis by type of leadued we look at heterogeneous treatment
effects for borrowers with longer relationships with tHeian officer.

Within the portfolio of loan officers who are on a sick leave see very strong heterogeneous treatment
effects. The negative effects of sick leaves on access thtaed repayments are particularly strong for
small, low credit score, and female borrowers. In contthstjnteraction terms of the absence dummy with
the client characteristics show that the effects are muate mauted for larger and high credit score borrow-
ers. More specifically, the effect is reduced by more thahfbakthese sets of borrowers. For example, the
direct effect ofleaveon the probability of getting a new loan is negative 2.56% thredinteraction term of
theleavedummy with the firm size dummy is positive 1.38% and highlynffigant. Similarly, looking at
whether clients access outside loans, we see that the difect ofleaveon the smaller and lower credit
score borrowers increases by 6.01%, which represents eas& of 35.52% as a fraction of the uncondi-
tional probability of borrowing outside of the bank. Thidest is even more pronounced for clients with a
good credit score. They experience a 7.04% increase in timpility of borrowing outside of the bank,
which represents a 43.5% increase as a fraction of the uitmora probability. On the other hand, large

clients do not experience an increase in the probabilityoofdwing outside of the bank. The interaction
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with the firm size dummy is negative and equal in magnitudénéodirect effect (the coefficient is 6.09%
and significant at the 1% level), which suggests that thege lzorrowers are not constrained in their access
to finance and thus do not need to borrow outside. Finallymak (5) and (6) of Table 7 show that the
late payment rate and default rate vary significantly ford@weers with larger loans and higher credit scores.
Surprisingly, the length of the relationship does not seeaffect the impact of the leave on the borrowers.

In the second panel of Table 7 we look at the impact of mateteives on different client types. The
results are weaker than for sick leave but go in a similarctiva. Loan renewals are less negatively affected
for larger borrowers and those with better credit scoresa Aesult, large clients seem to be less likely to
seek a loan from an outside bank. As before, we see in thistlbasdelinquency rates and default rates do
not increase for good credit score borrowers. While largedaers still have an increased probability of
missing payments, they are not likely to default more oftéremitheir loan officer is absent.

Interestingly, when looking at the credit constraints fberts of dismissed loan officers (in the first
panel of Table 8) we find very limited differentiation by bawer gender, size, or credit score. As before,
we see that access to finance for clients drops significamtiihése clients, but there is no differential effect
in obtaining a loan for borrowers that are larger or haveebettedit scores. In column (2), we do see that
large firms are more likely to apply for a loan than small firrnsywever, the rejection rate is similar. In
addition, these larger firms are less likely to receive a livam other banks outside of BancoEstado. It
might be another indication that in the case of dismissed lufficers, clients were receiving additional
credit despite their high leverage, and once a new loan officees in, the portfolio is consolidated to a
reasonable risk level. Interestingly, for clients with adarelationship with their loan officer, the decrease
in the approval probability is 9.85% higher compared to therdase for clients with a short relationship.
This might indicate that low-quality loan officers try to kitheir bad past lending decisions by renewing
loans to under-performing clients.

Finally, in Panel Il of Table 8, we do not see heterogenecestrment effects for the access to credit
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of borrowers from loan officers who resign. Neither theirligbto get a new loan from the bank nor the
likelihood of accessing outside loans changes. This resuitirms the idea that in the case of resignations,
loan officers are able to pass on information about all bogrevio their replacement. As a result, even

borrowers with bad observable characteristics do notisaffemportant reduction in their access to finance.

5.5 Loan Officers’ Client Selection

We also study the cross-sectional differences in the ptigpoof delinquent borrowers who get new loans
from the replacing loan officer compared to the proportiodedfinquent borrowers who get new loans from
the original loan officer. As opposed to the preceding amglygere we do not include loan fixed effects;
therefore, we capture changes in loan officers’ lendingsilaes, and not changes in borrowers’ behavior.

We find that the replacement of a loan officer on sick or matiereiave reduces the proportion of
borrowers with short-term arrears that get new loans. TEhjgdbably an indication that the replacement
loan officer does not have the soft information necessanjstinduish which of these clients are of low
guality and which of them just have a short-term liquiditplplem. However, neither the replacement of a
loan officer on sick leave, nor the replacement of a loan afficematernity leave changes the proportion
of borrowers in default who get new loans, which indicated thoth the original and the replacement loan
officers are strict in cutting credit to bad borrowers.

Interestingly, the replacement of a dismissed loan offieduces the proportion of borrowers in default
that get new loans compared to the original loan officer. Thj@obably an indication that the dismissed
loan officer used to grant loans to poor performing borrowatiser to hide his own poor past lending
decisions or to benefit privileged borrowers, possiblyritie and family.

Lastly, the replacement of a resigned loan officer reduceditcneither to borrowers with short term

delays nor to borrowers in default. This supports the ideatthe resigning loan officer is able to transfer
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the soft information to his replacemetft.

6 Discussion and Conclusion

In this paper, we show that the sudden leave of a loan offieglsl&o a significant reduction in the likelihood
that his clients receive a new loan from the bank. This deerésathe result of a drop in the probability that
the borrowers apply for a new loan and a reduction in theilikeld that the bank approves the applications.
These results suggest that the leave of the loan officer esdihe availability of soft information, making
it difficult to asses the creditworthiness of the clients, &lso reduces the loyalty of the clients who seem
less likely to approach the bank for credit. The reductiofoyalty also seems to make clients more prone
to fall behind on their payments and apply for credit at otbemks.

We expect the magnitude of these effects to depend on thatdaxtavhich soft information can be
transmitted within the bank (i.e. passed from one loan officghe other). In line with this interpretation,
the observed outcomes strongly depend on the type of leagesed/that the negative effects are strongest
in the cases of unplanned leaves such as sickness. Heretgoéng loan officer usually does not have time
to transfer any soft information to the replacement sincdogas on serious and unexpected illnesses. As
a result, the existing clients see a strong drop in theitiliked of receiving new loans and instead borrow
from outside sources. They also show an increased protyabilbecoming delinquent on their loans. We
also find evidence suggesting that in these cases, hardiafimn (observable borrower characteristics such
as size, gender or credit score) becomes more importang icréfait decision, which is consistent with soft
information being less available.

We find a much weaker effect in the case of anticipated leasgsh as resignations, which can be
planned for in advance. These are cases in which the loareoifibired away but usually has enough time

to brief the successor loan officer about the soft infornmagispects of the clients before he leaves. Conse-

10The details of these findings are found in table 2 in the append
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qguently, we find minimal disruption in the lending relatibips Maternity-related absences are somewhere
in the middle: While the loan officer has a long lead time inettghe could prepare the replacement officer,
she can also reduce the costs for the borrowers by provitiem with loangrior to leaving for maternity
leave, which is what we find in the data. Finally, in the casdisiissals, we see a strong drop in credit
access and a spike in defaults. We think that this is not omliend by differences in soft information but
also by an effort of the bank to reduce its exposure to thefgimrtof high risk clients that the dismissed
loan officer had built up.

The results highlight that in an environment where empleye#y heavily on tacit knowledge, managing
employee turnover becomes central for the performanceedirm. Loan officers who leave not only need
to have the time to communicate their tacit knowledge to &aglie, but our results also underscore that
the employees need to have theentivedo transfer this knowledge. Therefore, transition proesshould
be set up to facilitate and encourage this transfer. The firgihimvant to provide incentives for employees
to train their replacement and transmit any soft inforntatio the new person. In situations wherein the
departing employee has few or no incentives to help in thesfet of knowledge, the firm might need to

develop backup systems to reduce the dependence on inaliéhployees.
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Tables

Table 1: The Summary Statistics for Loan Officers
In this table, we present the summary statistics for the &dficers and the different sources of turnover. The gendeabiz takes
the value of one for men and zero for female. The married bbritakes the value of one for married loan officers and zero fo
single loan officers. The city variable takes the value of faxdoan officers working in urban areas and zero for loan effic
working in rural areas.

Loan-Officer Characteristics

N mean sd median
Gender % 551 47 50
Age 551 33 5 32
Married % 551 62 49
Number of children 370 0.8 0.9 1
Years of experience 551 4.1 2.8 3.8
City % 293 64 48
Number of clients 480 339 112 341

Absentee Episodes

number of officers number of average length  sd length

that were absent episodes (in months)
Sick leave 32 43 2.12 1.18
Maternity leave 33 34 4.64 1.12
Layoff 26 26
Resignation 15 15
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Table 2: The Summary Statistics for Clients

In this table, we present the characteristics of the borrswae the beginning of the sample period. The probability @&fsing
one payment is estimated for clients without late paymeansd, the probability of default is estimated for clients wlawd been
delinquent on their loans for more than two months. The @#terate is expressed in percentages per month and is deatechin
nominal currency, maturity and relationship length areregped in months. Probabilities are expressed in percentale only
observe two years of history before the sample period anefive the relationship length in the first part of the talslbiased
towards zero. To address this problem in the second paredfthle we present information about the length of the @iatiip
between the borrower and its most recent loan officer, anddeat the borrower and its most habitual loan officer.

clients from non absent  clients from absent difference
loan officers loan officers (s.e. difference)
Renewal probability 5.98 6.08 -0.10
(0.33)
Application probability 6.82 7.04 -0.22
(0.35)
Approval probability 87.66 86.40 1.26
(1.71)
Probability new outside loan 16.92 16.45 0.464
(0.38)
Log loan size 14.28 14.38 -0.10
(0.07)
Log loan outside bank 12.48 12.48 0.00
(0.06)
Interest rate 1.65 1.64 0.02
(0.02)
Maturity 24.67 25.66 -0.99
(0.92)
Delinquent # month 4.04 4.08 -0.04
(0.28)
Default rate conditional on being 33.26 35.19 -1.93
already delinquent for more than 60 days (4.82)
Relationship length 11.12 11.26 -0.133
(0.07)

Summary statistics at the end of the sample period

mean sd
Length of the relationship between 21.85 16.72
the borrower and its most recent loan officer
Length of the relationship between 33.76 14.41

the borrower and its most habitual loan officer
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Table 3: The Effect of Turnover on Credit Availability, Cie@haracteristics, and Repayment Behavior
We present the effect of all the sources of turnover on theitccharacteristics and credit behavior of the borroweecHcolumn represents one regression whegereis a dummy
that takes the value of one in the months that a loan offican isave and zero otherwise. The columns are organized asviol(1) renewal probability, (2) application probability
(3) approval probability, (4) probability of getting crédliom other banks, (5) probability of missing one payme@},robability of default for clients who have been delinguen
their loans for more than 60 days, (7) monthly nominal irgerate, (8) maturity, (9) log loan size at the bank, and (&g)lban size outside the bank. Estimations in columns (7) to
(9) are restricted to clients that get a new loan at the bankeatimation in column (10) is restricted to clients thatayeew loan outside the bank. All the estimations are cdettol
for time to maturity, client fixed effects, and time fixed effe Probabilities are expressed in percentages. Staadard in parentheses are clustered at the loan officeraexkthe

number of clusters is 468.

renewal applic. approval outside delinquent default #&g&er maturity loan out loan
prob. prob. prob. loan % month rate size size
1) (2 3 4 5) (6) (M (8) ) (10)
Leave -1.18*  -0.91**  -5.05** 0.25 0.87** 6.09* 0.02 0.35 0.03 0.08
(0.21) (0.23) (1.51) (0.40) (0.18) (3.08) (0.02) (0.62) 0@). (0.04)
L.o. experience -0.00 -0.01  0.09** 0.00 -0.01* -0.03 0.00* -0.00 -0.00 -0.00*
(0.01) (0.01) (0.03) (0.01) (0.01) (0.06) (0.00) (0.01) O@M. (0.00)
L.o. gender -0.14 -0.08 -0.64 0.14 0.09 0.08 002 0.04 0.00 -0.02
(0.10) (0.12) (0.67) (0.12) (0.11) (1.22) (0.01) (0.23) 0. (0.02)
Rel. length 0.01 0.01 0.02 0.00 0.05* 0.25** -0.00 0.03 0.00**  0.01**
(0.01) (0.01) (0.04) (0.01) (0.01) (0.08) (0.00) (0.02) 0o@. (0.00)
N 2471578 2471578 191774 2471578 2217262 216418 135545 48355135545 403459
Adj-r2 0.081 0.084 0.090 0.200 0.185 0.325 0.668 0.401 0.812 0.655
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Table 4: The Effect of Sickness Leaves, Maternity Leaveanirations, and Resignations on Credit Availability, Gt&tharacteristics, and Repay-
ment Behavior

We present four panels that show the effect of sick leavetemmity leaves, dismissals and resignations on the crhdiacteristics and credit behavior of the borrowers. Thenans

are organized as follows: (1) renewal probability, (2) &gilon probability, (3) approval probability, (4) prohbiy of getting credit from other banks, (5) probability ofissing
one payment, (6) probability of default for clients who h&en delinquent on their loans for more than 60 days, (7) hiwnbminal interest rate, (8) maturity, (9) log loan size at
the bank, and (10) log loan size outside the bank. Estimaiioolumns (7) to (9) are restricted to clients that get a lvam at the bank, and estimation in column (10) log loan
size outside the bank. Estimations in columns (7) to (9) estricted to clients that get a new loan at the bank, and astmin column (10) is restricted to clients that get a new
loan outside the bank. All the estimations are controlledifoe to maturity, client fixed effects, and time fixed effedProbabilities are expressed in percentages. Standard ar
parentheses are clustered at the loan officer level. The auailzlusters is 391 in the first and second set of regressB&sin the third set of regressions and 379 in the fourth set
of regressions.

renewal applic.  approval outside delinquent default &ger maturity loan out loan

prob. prob. prob. loan . month rate size size
1) 2 3 4 ®) (6) Q) 8 ) (10)
| Sick leave -1.19+ -0.95 -3.48 2.15* 0.95** -1.18 -0.00 0.53 0.06 0.08
(0.38) (0.37) (2.67) (0.94) (0.28) (5.52)  (0.03)  (1.02) 0. (0.06)
N 2330375 2330375 180045 2330375 2084266 64616 126327 1263P26327 376316
Adj-r2 0.081 0.084 0.098 0.206 0.189 0.123 0.671 0.402 0.814 0.657
Il Maternity leave  -1.03* -0.94 -1.72 0.21 0.76 8.54* 0.03 0.53 0.02 0.11
(0.34) (0.43) (2.39) (0.32) (0.34) (3.80)  (0.04) (1.18) 0. (0.07)
N 2323326 2323326 179517 2323326 2078045 64493 125750 @257825750 375519
Adj-r2 0.080 0.084 0.095 0.207 0.189 0.125 0.668 0.399 0.814 0.658
Il Dismissed 177 -1.23% -7.36% -1.13 0.92¢ 12.28** 0.05 0.25 0.04 0.00
(0.40) (0.46) (2.78) (0.82) (0.38) (4.27) (0.04) (0.94) 08. (0.03)
N 2254407 2254407 175166 2254407 2018055 61956 123161 1231823161 366175
Adj-r2 0.081 0.085 0.090 0.204 0.189 0.125 0.667 0.398 0.812 0.658
IV Resigned -0.67 -0.62 -4.22 -0.30 1.16* -2.75 0.02 -0.06 0.02 0.15
(0.41) (0.39) (2.95) (0.90) (0.35) (6.57) (0.05) (1.65) 08. (0.11)
N 2211139 2211139 171361 2211139 1978681 60954 120488 8204820488 358069

Adj-r? 0.081 0.084 0.095 0.205 0.190 0.125 0.669 0.398 0.813 0.659
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Table 5: The Effect of Sickness, and Maternity Leaves in tloat¥l that Precedes the Leave, and in the Month that FolloevEdlave

We present two panels that show the effect of sickness, aternity leaves on the credit characteristics and crediabieln of the borrowersLeaveis a dummy that takes the value
of one in the months that a loan officer is on leave and zerawike. Leadlis a dummy that takes the value of one in the month before e ddficer goes on leave and zero
otherwise and.aglis a dummy that takes the value of one in the month after the ddficer comes back from leave and zero otherwise. Each colapresents two regressions
for sick leaves, and maternity leaves respectively. Thernak are organized as follows: (1) renewal probabilityag@lication probability, (3) approval probability, (4)girability

of getting credit from other banks, (5) probability of miggione payment, (6) probability of default for clients whadadeen delinquent on their loans for more than 60 days, (7)
monthly nominal interest rate, (8) maturity, (9) log loaresat the bank, and (10) log loan size outside the bank. EStingain columns (7) to (9) are restricted to clients thataet
new loan at the bank, and estimation in column (10) is rasttito clients that get a new loan outside the bank. All thenadtons are controlled for time to maturity, client fixed
effects, and time fixed effects. Probabilities are exprégs@ercentages. Standard errors in parentheses areretliatethe loan officer level and the number of clusters is 391.

renewal applic.  approval outside delinquent default @ger maturity loan out loan

prob. prob. prob. loan L month rate size size
1) ) 3 4 ®) (6) M (8 9) (10)
| sick leave

Leave -1.16*  -0.9I** -4.93 217 0.90"** -5.72 -0.00 0.54 0.06 0.05

(0.43) (0.43) (2.68) (0.92) (0.28) (4.85) (0.03) (1.08) 08&). (0.07)
Leadl -0.22 0.10 -3.99 0.79 0.41 -2.34 -0.01 1.29 -0.01 0.07

(0.56) (0.58) (3.82) (1.32) (0.35) (4.77) (0.06) (1.47) 00O. (0.13)
Lagl -0.33 -0.36 0.76 1.55 1.06* 4.95 0.09 -0.37 0.11 0.08

(0.56) (0.56) (4.82) (0.81) (0.45) (4.50) (0.05) (1.69) 08). (0.05)
N 2342688 2342688 181045 2342688 2095095 65093 127049 9270827049 378489
Adj-r? 0,081 0,084 0,099 0,206 0,189 0,124 0,671 0,402 0,815 0,658

Il maternity leave

Leave -0.85°  -0.67 -2.86 -0.32 0.73 7.07 0.05 -0.00 0.01 0.08
(0.36)  (0.43)  (2.45)  (0.43) (0.36) (4.79)  (0.04) (1.13) 0@. (0.07)
Leadl  0.58 084  -2.82  -3.07 0.31 9.35 0.06 1.50 0.07 0.03
(0.40)  (0.47)  (4.09)  (1.53) (0.44) (6.31)  (0.04) (2.23) 0@). (0.09)
Lagl -0.72 -0.36 -3.29 -1.05 114 20.92*  0.04 1.35 0.10 0.07
(0.54)  (0.65)  (3.62)  (0.86) (0.48) (6.19)  (0.07) (1.36) O@. (0.08)
N 2335434 2335434 180616 2335434 2088667 64929 126492 2264826492 377430

Adj-r? 0,080 0,084 0,095 0,206 0,189 0,125 0,669 0,399 0,814 0,658
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Table 6: The Effect of Terminations and Resignations in tlent that Precedes the Leave.
We present two panels that show the effect of terminationrasigination on the credit characteristics and credit biehaf the borrowersLeaveis a dummy that takes the value
of one in the months that a loan officer is on leave and zerorwibe. Leadlis a dummy that takes the value of one in the month before e ddficer goes on leave and zero
otherwise and.aglis a dummy that takes the value of one in the month after the dffecer comes back from leave and zero otherwise. The cauang organized as follows: (1)
renewal probability, (2) application probability, (3) appal probability, (4) probability of getting credit frontheer banks, (5) probability of missing one payment, (6) plulity
of default for clients who have been delinquent on their $ofmm more than 60 days, (7) monthly nominal interest ratem@&turity, (9) log loan size at the bank, and (10) log loan
size outside the bank. Estimations in columns (7) to (9) estricted to clients that get a new loan at the bank, and astmin column (10) is restricted to clients that get a new
loan outside the bank. All the estimations are controlledifoe to maturity, client fixed effects, and time fixed effedProbabilities are expressed in percentages. Standard er
parentheses are clustered at the loan officer level. The eudfizlusters is 389 in the first set of regressions and 378drsé€cond set of regressions.

renewal applic.  approval outside delinquent default  Bger maturity loan out loan

prob. prob. prob. loan $ month rate size size
) ) 3 4 ®) (6) (M (8 9) (10)
| dismissal
Leave -1.87* -1.25* -7.71"** -1.21 1.02* 14.35** 0.05 0.32 0.04 0.06
(0.40) (0.47) (2.91) (0.77) (0.43) (4.98)  (0.04) (0.91) O0@). (0.04)
Leadl -0.24 0.29 -4.33 -2.59 0.23 6.75 0.00 1.08 0.08 *0.29
(0.58) (0.61) (3.70) (1.70) (0.32) (5.43) (0.04) (1.61) 0. (0.15)
N 2254407 2254407 175166 2254407 2018055 61956 123161 1231823161 366175
Adj-r2 0,081 0,085 0,090 0,204 0,189 0,125 0,667 0,398 0,812 0,658
Il resignation
Leave -0.92 -0.73 -4.56 -0.52 1.18* -6.53 0.03 -0.13 0.02 0.20
(0.49) (0.46) (3.33) (0.83) (0.42) (6.50) (0.06) (1.89) 06). (0.12)
Leadl -1.05 -0.89 4.33 0.29 -0.30 -5.55 0.08 -2.24 0.02 *0.25
(0.67) (0.67) (5.53) (0.86) (0.47) (10.28) (0.11) (3.22) .1® (0.13)
N 2211139 2211139 171361 2211139 1978681 60954 120488 8204B20488 358069

Adj-r? 0,081 0,084 0,095 0,205 0,190 0,125 0,669 0,398 0,813 0,659
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Table 7: The Effect of Sick Leaves, and Maternity Leavesrauted with Client Gender, Client Size, and Credit Score
We present two panels that show how the effects of turnovengd with different characteristics of the borrower. Thet fianel shows the interaction effects for sick leaves, hed t
second panel shows the interaction effects for maternityds. The columns are organized as follows: (1) renewalagtitty, (2) application probability, (3) approval prohkiy,
(4) probability of getting credit from other banks, (5) padiility of missing one payment, (6) probability of defawdt tlients who have been delinquent on their loans for maaa th
60 days, (7) monthly nominal interest rate, (8) maturity,|¢g loan size at the bank, and (10) log loan size outside am& bEstimations in columns (7) to (9) are restricted tontbe
that get a new loan at the bank, and estimation in column El@stricted to clients that get a new loan outside the batikhé estimations present the interaction effects with the
borrowers’ gender, size, and credit score. All the estiomstiare controlled for time to maturity, client fixed effe@nd time fixed effects. Probabilities are expressed ingreages.
Standard errors in parentheses are clustered at the loaerdével and the number of clusters is 391.

renewal applic.  approval outside delinquent default gREr maturity loan out loan
prob. prob. prob. loan % month rate size size
@ @ 3 4 ®) (6) M ®) ©) (10)
| sick leave
Leave -2.56**  -2.59** -2.17 6.01** 2.93** 12.00 0.06 1.10 -0.09 -0.02
(0.65) (0.59) (5.65) (1.90) (0.78) (9.36) (0.08) (1.99) 10. (0.08)
Leave*gender -0.87 -1.13* 221 -0.37 1.30 2.72 0.07 -2.31 0.03 -0.04
(0.50) (0.48) (5.68) (1.02) (0.63) (7.07) (0.10) (1.78) 0@). (0.06)
Leave*size 1.38* 2.05** -5.76 -6.09** 0.18 -17.33*  -0.08* 0.42 0.22 0.12
(0.43) (0.57) 4.77) (2.06) (0.59) (6.28) (0.03) 1.76) 1@. (0.10)
Leave*score 1.57* 142+ 4.02 1.35 -5.00* -2.35 -0.01 -1.78 -0.13  0.07
(0.43) (0.49) (4.86) (0.81) (0.70) (10.72) (0.06) (2.02) .06 (0.06)
Leave*rel 0.58 0.46 2.73 -1.04 -1.03 -5.89 -0.10 2.17 0.09 -0.02
(0.37) (0.43) (6.05) (1.57) (0.38) (6.43) (0.07) (2.46) 0@). (0.12)
N 2320485 2320485 179448 2320485 2081198 64353 126095 5260B26095 374419
Adj-r? 0.081 0.084 0.097 0.206 0.189 0.123 0.671 0.401 0.814 0.657
Il maternity leave
Leave -1.71% -1.57% -5.12 0.42 3.07* 8.4r 0.04 0.42 -0.19 0.16
(0.54) (0.61) (3.98) (0.65) (0.64) (5.02) (0.08) (1.78) 1. (0.13)
Leave*gender  -0.97 -1.13* -3.08 0.21 0.75 6.36 0.04 0.94 0.05 -0.02
(0.41) (0.46) (3.36) (0.55) (0.34) (7.67) (0.06) (1.96) 0@). (0.07)
Leave*size 0.93 0.81 7.80 -1.90 -0.65 -3.96 -0.05 0.72 0.32 0.06
(0.52) (0.66) (4.78) (0.89) (0.58) (4.46) (0.06) (1.54) 0@. (0.11)
Leave*score 0.81 0.78 1.16 141 -4.653* -8.62 0.06 -254  -0.14* -0.07
(0.47) (0.51) (4.39) (1.07) (0.62) (15.30) (0.06) (1.54) .0@ (0.06)
Leave*rel 0.13 0.44 -5.25 1.17 0.08 0.63 -0.01 0.26 -0.07 170.
(0.34) (0.38) (3.31) (1.27) (0.54) (7.02) (0.05) (1.33) 1M. (0.09)
N 2313644 2313644 178940 2313644 2074989 64241 125515 5255125515 373678
Adj-r? 0.080 0.084 0.094 0.207 0.189 0.124 0.669 0.399 0.814 0.658




Table 8: The Effect of Termination, and Resignation Integdavith Client Gender, Client Size, and Credit Score
We present two panels that show how the effects of turnovengd with different characteristics of the borrower. Th&t flanel shows the interaction effects for dismissals, had t
second panel shows the interaction effects for resignatidhe columns are organized as follows: (1) renewal prdibal{R) application probability, (3) approval probalbyli (4)
probability of getting credit from other banks, (5) prodapiof missing one payment, (6) probability of default fdiemts who have been delinquent on their loans for more tifan 6
days, (7) monthly nominal interest rate, (8) maturity, (&) loan size at the bank, and (10) log loan size outside thk. Hgstimations in columns (7) to (9) are restricted to ckent
that get a new loan at the bank, and estimation in column El@stricted to clients that get a new loan outside the batikhé estimations present the interaction effects with the
borrowers’ gender, size, and credit score. All the estiomstiare controlled for time to maturity, client fixed effe@nd time fixed effects. Probabilities are expressed ingreages.
Standard errors in parentheses are clustered at the loaardéfiel. The number of clusters is 389 in the first set ofasgions and 379 in the second set of regressions.

(A%

dismissal  applic.  approval outside delinquent default ereét maturity loan out loan
prob. prob. prob. loan % month rate size size
@ @ 3 4 ®) (6) M ®) ©) (10)
| dismissal
Leave -2.64%*  -2.18** -11.65 0.62 2.91 17.23* 0.10 -1.40 0.02 0.18
(0.55) (0.50) (7.30) (1.48) (0.86) (7.56) (0.10) (1.76)  0@). (0.10)
Leave*gender 0.36 0.13 7.04 -1.09 184 16.41* -0.03 -0.13 -0.03 -0.19*
(0.46) (0.71) (6.56) (1.31) (0.39) (6.94) (0.08) (1.69) 06). (0.05)
Leave*size 0.69 1.19* 2.88 -2.15* -0.59 -10.18 -0.06 1.26 0.08 -0.02
(0.46) (0.41) (5.84) (0.87) (0.56) (8.48) (0.06) (1.51) 0@. (0.08)
Leave*score 0.66 0.03 4.39 0.71 il -1.09 0.08 1.72 -0.07 -0.17
(0.55) (0.55) (5.81) (0.96) (0.71) (13.01) (0.08) 1.71) .0@ (0.07)
Leave*rel -0.21 0.31 -9.85 -0.48 0.48 -12.26  -0.09 0.09 0.01 -0.01
(0.51) (0.70) (4.58) (1.65) (0.47) (6.67) (0.07) (2.22) 1®. (0.08)
N 2245094 2245094 174601 2245094 2015097 61698 122938 8229B22938 364387
Adj-r? 0.081 0.085 0.089 0.204 0.189 0.125 0.667 0.398 0.812 0.658
Il resignation
Leave -0.39 -0.99 8.97 -1.27 396 11.70 -0.01 0.46 -0.07 0.22
(0.74) (0.86) (8.99) (1.96) (0.81) (8.12) (0.11) (2.58) 1@). (0.12)
Leave*gender -0.14 0.23 -8.04 -1.48 0.32 -2.92 0.07 1.11 07-0. -0.09
(0.69) (0.68) (6.50) (1.21) (0.48) (9.28) (0.07) (1.39) 1®. (0.10)
Leave*size -0.18 0.36 -8.23 1.26 -142  -19.25 -0.02 0.33 0.19 0.11
(0.56) (0.58) (7.83) (2.45) (0.56) (10.07)  (0.08) 159 .18 (0.09)
Leave*score 0.62 0.85 -4.29 1.20 -3187 14.39 0.04 -1.25 0.01 -0.21
(0.81) (0.84) (4.22) (1.06) (0.76) (30.87)  (0.06) (3.29) .1® (0.16)
Leave*rel -1.30 -1.22 -5.87 0.47 -0.25 -11.22 -0.00 -2.24 .070 -0.07
(0.80) (0.82) (8.54) (1.46) (0.60) (12.44) (0.08) (4.06) .18 (0.18)
N 2201978 2201978 170812 2201978 1975840 60702 120272 22021120272 356328
Adj-r2 0.081 0.084 0.094 0.205 0.190 0.124 0.669 0.397 0.813 0.659
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Table 1: Variable Definitions

Variable Definition

Renewal probablity equals one if a client’s loan is renewed in moh#dnd zero otherwise.
Application probability equals one if the client applied for a loan in moh#nd zero otherwise
Approval probability equals one if the loan application was a approved and zerovds rejected

Probability of credit from other banks equals one if a client gets a loan at a different bank in moatid zero otherwise.
Probability of missing one payment equals one if a client misses a payment in mdrahd zero otherwise.

Probability of default equals one if a client misses a payment in mdrdhd zero otherwise
this variable is defined only for clients in arrears of 60 daysnore in t-1

Monthly nominal interest rate is the nominal interest rat&Chilean

Maturity is the maturity of the loan in months

Log loan size at the bank is the natural logarithm of the loanunt at the bank in $Chilean

Log loan size outside the bank is the natural logarithm oftimaation of all the loans at other banks in $Chilean




Table 2: Proportion of Delinquent Borrowers that Get Newh®a
We present four panels (I sick leaves, || maternity leavéslismissals and IV resignations) that show the simplesdéhce in the
proportion of delinquent borrowers that get a new loan framreplacement compared to the proportion of delinquenbhars
that get a new loan from the original loan officer. Column (B8sents the difference for borrowers in arrears for less @tadays
and column (2) presents the difference for borrowers inaasréor more than 89 days. Rates are expressed in percenfBges
t-test of the difference is presented in parentheses.

difference in the proportion of borrowers difference in gieportion of borrowers
in arrears for 1-59 days that get a new loan in arrears for @ 89 days that get a new loan
1) 2
| Sick leave -1.a7 0.02
(-2.81) (0.19)
N 3851 4359
Il Maternity leave -0.76 -0.09
(-2.01) (-1.27)
N 3486 3231
Il Dismissed 0.02 -0.42¢+*
(0.05) (-3.23)
N 3281 2895
IV Resigned 0.17 0.08
(0.29) (0.54)
N 1677 1554
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