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Abstract

Information technologies may affect productivity by reducing agents’ information
processing costs, and by making agents’ actions easier to evaluate by the principal.
We distinguish these mechanisms empirically in the context of the randomized adop-
tion of credit scoring in a bank that lends primarily to small businesses. We find
that the effort and output of credit committees increases when applications contain
a score. Output also increases in a treatment where the committee has no new in-
formation, but the score will become available in the future. This effect is uniquely
consistent with an agency mechanism, and explains over 75% of the total output
increase. Additional evidence suggests that the pure information effect of scores,
negligible on average, operates through upwards and downwards adjustments in the
intensive margin of lending.
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1 Introduction

The di�usion of information technologies (IT) since the advent of the computer has been

positively associated with increases in productivity in organizations.1 Ascertaining em-

pirically the channel through which IT a�ects performance, however, has proved elusive.

The main di�culty lies in the dual role played by most IT innovations. The adoption

of IT services raises productivity directly by reducing information processing and com-

munication costs as well as allowing for greater standardization of decision rules. At the

same time IT raises productivity indirectly through improved monitoring which reduces

information asymmetries. Distinguishing between the technological and agency channels

is a key input for understanding the implications of these innovations on the internal

organization of �rms and their boundaries.2

Existing empirical work had to rely on ex ante classi�cations of whether the technology

adoption channel or the agency channel will be dominant. For example in the seminal

study on the trucking industry, Baker and Hubbard (2004) use the introduction of an

on-board computer system to test the impact of better monitoring on incentives and

performance.3 But new technologies usually are a bundle of features that also interact with

other dimensions of the organization such as job descriptions, compensation structures or

even the allocation of authority (see Milgrom and Roberts (1990)).

The present study explores empirically how the introduction of a new IT based credit

scoring model a�ects worker productivity at a bank in Colombia that lends to small

enterprises. We worked with the bank to randomize the roll out of the scoring model across

the di�erent bank branches. Prior to the adoption of the IT system, credit committees

1For early surveys, see Brynjolfsson and Yang (1996) and Brynjolfsson and Hitt (2000).
2See, for example, Aghion and Tirole (1997) Antras, Garicano and Rossi-Hansberg (2006), and Alonso,

Dessein and Matouschek (2008).
3Hubbard (2000) identifies two classes of on-board computers and argues that one helps the principal

provide better incentives while the other only improves coordination. Bloom, Garicano, Sadun and
Van Reenen (2011) also classify technologies into communication enhancing and information enhancing,
although not for the purpose of separating the technology and agency channels.
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at each branch perform the �rst evaluation of a loan application and try to determine

whether the application should be approved, and conditional on approving it what the

terms of the loan should be. By varying the timing of the roll out along the committee

decision process, we are able to cleanly di�erentiate the individual impact of the scoring

model through the technology and agency channels.

For the purpose of our experiment we randomly select a fraction of credit commit-

tees (branches of the bank) to receive independent credit scores concerning the estimated

default probability of a new applicant. Bank headquarters developed this scoring model

based on historical bank data, e.g. using borrower characteristics such as age, gender,

leverage, assets etc. The score ranges from zero to one, and is increasing with the default

probability of a borrower estimated using past behavior of similar applicants. The char-

acteristics used to calculate the score are a subset of those contained in the application,

and are thus fully observable by the committee even before the scores are provided.

There are two ways in which the credit score may improve the decision making of

the credit committee: On the one hand it can provide a di�erent weighting of how the

applicants characteristics factor into the expected default probability if loan o�cers use a

model that is less well calibrated than the one based on the population data (technology

channel). On the other hand providing the score gives an ex ante indication to the credit

committee and the manager about which cases are easier or more di�cult to analyze and

therefore should not be pushed up to the manager (agency channel).

We �nd that committees exert more e�ort|spend more time evaluating applications|

and are more likely to reach a decision on an application when a credit score is available.

The increase in e�ort appears to be concentrated in marginal, di�cult to evaluate, appli-

cations that are more likely to be rejected. Despite the upward shift in the di�culty of

the tasks performed, the quality of the decisions, measured as the loan approval amounts

and the ex post default rate of the loans approved, remains unaltered. The increase in
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committee output substitutes for other, more expensive, inputs in the loan evaluation

process. Namely, when committees reach decisions it reduces the need for collecting ad-

ditional information or for relying on manager input to make decisions. The overall e�ect

of scores on the banks output is negligible in the short run. However, one could conjec-

ture that over time (and once the organization has been able to observe the change in

processing speed) the time savings at the management level could lead to growth in other

parts of the �rm.

This productivity improvement can be driven by a pure information e�ect: scores

provide a signal about the applicant’s creditworthiness that allows committees to reach

decisions on more complicated cases. Alternatively, scores can reduce agency problems

between the manager and the committee by providing a signal of the di�culty of the

committees task to evaluate the loan and make a decision. To di�erentiate these two

explanations we add a separate treatment arm where we introduce a credit score for the

manager but hold constant the information set for the credit committee. In a randomly

selected sample of treatment applications, committees are asked to make an interim eval-

uation of the application before observing the value of the score. We �nd that interim

committee output increases relative to the control group, despite the fact that both have

the same information at the time of making a decision. Although output increases even

further after the committee observes the score, 78% of the output increase in this treat-

ment group occurs before the score is observed. These estimates imply that the adoption

of the scoring model has a �rst order e�ect on output through the agency mechanism.

The results taken together imply that the introduction of scores improves committee

decision-making through both the information and agency mechanisms. The information

mechanism is consistent with the theories of the optimal organization of knowledge in

production, as in Garicano (2000). The agency mechanism is consistent with theories of

optimal delegation, surveyed in Mookherjee (2006). In our set up the agency mechanism
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explains the bulk of the e�ect of scores on output, highlighting the importance of improved

monitoring via IT solutions to encourage decision making lower down in the hierarchy. It

can ultimately facilitate the decentralization of work and organizations.

The speci�c application we focus on, credit scoring, is of particular importance given

the large literature in �nance and banking on relationship lending and the role of loan

o�cers in the lending process. This literature has largely focused on the trade o� between

using soft |less standardized and di�cult to communicate| versus hard information

(see for example, Rajan (1992) and Petersen and Rajan (1995)). Stein (2002) speci�cally

conjectures that loan o�cers face weaker incentives in soft information regimes, but this

link has not received much attention in the empirical literature.4 Our paper provides the

�rst direct evidence to support this conjecture and characterizes an economic mechanism

behind it: the adoption of a standardizing technology in the context of a soft information

lending process can mitigate agency problems inside the bank.

The rest of the paper proceeds as follows. We provide in Section 2 a description

of the tasks and incentives of the credit committees, the characteristics of the credit

scoring system, and the speci�cs of the experimental design. Section 3 presents the

results of introducing the score on committee output and productivity, Section 4.2 explores

the channel through which scores improve the productivity of committees in the loan

evaluation process, and attempts to unpack the economic mechanism behind the e�ect.

Section 5 concludes.

2 Setting and Study Design

The study was implemented with BancaMia, a for pro�t bank in Colombia that focuses

on micro and small enterprises. In October 2010, the month prior to the roll out of the

4A number of studies have analyzed the implications of soft information for bank function and orga-
nizational design. See, for example, Berger, Miller, Petersen, Rajan and Stein (2005), Liberti and Mian
(2009), and Hertzberg, Liberti and Paravisini (2010)).
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study, the bank issued 20,119 loans totalling $US 25,9 million through its 143 branches.

Historically the bank relied on a relationship lending model were loan o�cers go into

the �eld and collect detailed information from the potential applicants. This information

collection mechanism is necessary since small enterprises in Colombia do not have any

audited �nancial statements or other secondary data that a bank could use for credit

assessment. The bank relies on a sophisticated information system that allows the data

collected by loan o�cers in the �eld to be automatically uploaded via PDA devices to

a data storage facility in the bank’s headquarters. All the information related to an

application, including both new information collected by the loan o�cer, past information

about the borrower in BancaMia if the borrower has a credit history in the bank at the

time of the application, and any external secondary source information (e.g. credit score

of the borrower from a private credit rating agency) is put together by the system in a

single application �le.

2.1 Credit Assessment Process

An application �le is reviewed at the branch level by a credit committee, composed of

the loan o�cer that collected the information in the �eld, the head of the branch, and

one or two additional credit specialists, who are typically other loan o�cers associated

with the branch. The credit assessment is based on the information that loan o�cers

collected from the borrower in the �eld. General information about the industry and a

macroeconomic outlook are taken into account as well. It is important to highlight that

the o�cer that collects the information makes the decision to bring an application to the

committee. Thus, applications that reach the committee do not represent the universe

of potential borrowers or applications, but only those that have been pre-selected by the

�eld o�cer. All the information regarding potential applicants that do not reach the

committee review stage is discarded by BancaMia and is not available for this study.
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Once an application reaches the credit review stage, the committee can take four

possible actions. First, it can reject the application. Second, it can approve it, in which

case the terms of the loan must be decided. The committee can adjust the terms of the

loan at will in order to improve the acceptance rate. For example, the committee may

decide to approve a $500 loan when the requested loan amount in the application is $1,000.

When a committee takes any of these two actions we consider that the committee has

reached a decision regarding an application. When a committee cannot reach a decision,

it has two additional actions at its disposal. The �rst is to send the application �le to a

regional manager, whom evaluates the application and reaches a decision.5 The second is

to postpone the decision and send the o�cer out to collect additional information about

the borrower.

During informal interviews, bank managers expressed that such non-decisions by com-

mittees represent a substantial cost to the bank in terms of the opportunity cost of time of

managers and o�cers. It is di�cult to quantify these costs precisely. The base �xed wage

of a Regional/Zonal Managers is four to eight times that of a loan o�cers, which gives a

lower bound on the incremental evaluation cost of an application by upper management.

Further, the Regional/Zonal Manager must evaluate the application without the o�cer

that collected the information present and must incur in an additional communication

costs to access any soft information not re
ected in the application. There are additional

delay costs when applications sent up are not reviewed immediately, due to the large

volume of applications and time constraints of Regional/Zonal managers that supervise

between 15 and 80 o�ces.

Despite all the above, committee member bonus compensation is a function of the

number, amount, and performance of the loans issued by a branch, regardless of whether

5loans above 8 million pesos go directly to the regional manager for approval. Randomization insures
that this mechanical relationship between loan size and approval level is orthogonal to the scores. Also,
adding requested loan amount as a control in the specifications does not change the estimated effect of
scores.
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the decision was made by the committee or by the upper level manager. There are

two potential reasons for this compensation scheme. First, penalizing committees for

asking questions to upper level managers may lead to too many bad decisions at the

committee level. And second, committee members must be compensated for monitoring

the performance of the loans after origination, even when the decision to approve is made

at an upper level of the hierarchy.

2.2 Credit Scores

In 2010, BancaMia developed a credit risk model to establish the statistical relationship

between the bank’s historic quantitative and qualitative information in loan applications

and the repayment performance of issued loans. For the quantitative part of the score, loan

o�cers are asked to collect information such as: gender, age, location, number of years

in business, frequency of late payments in past three years (if the loan applicant already

has a credit history with BancaMia), level of overall indebtedness, house expenditures

as a percentage of total income, among other variables. For the qualitative part, loan

o�cers are asked to collect information based on more subjective variables such as: overall

knowledge of business, general sense of the level of organization, quality of information

provided, quality of business location, quality of crops being cultivated (agricultural loans

only), stability and diversity of income, among other variables.

The stated objective of introducing the credit scoring system was to improve identi-

�cation of the best and worst clients, decentralize the loan approval process, and reduce

the labor costs involved in loan application evaluation. The idea was to include the score

as an additional piece of information in the application �le, to be used by the committees

at the time of evaluation.

The score is a proxy for the expected default probability of the loan. Figure 1 plots the

non-parametric relationship between scores, approved loan amounts, and default proba-
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bilities in the population of loans issued during October 2010. A loan is considered to be

in default if interest or principal payments are more than 60 days overdue, and we mea-

sure default at six months after the loan is issued. There is a strong positive association

between credit scores and requested loan amounts, and a negative one between scores and

default probabilities.

2.3 Experimental Design

Before the full roll-out of the scores, we implemented a pilot program with a randomized

control trial design in eight of their branches to evaluate the e�ects. The branches were

chosen to be representative of the average urban branch of the bank.6 The pilot consisted

of randomizing, at the application level, the introduction of scores in the application �le at

the time of the committee meeting. At the initiation of the discussion of an application

in a committee, our research assistants used the last digit of the time in the research

assistant’s cellular phone to allocate a �le to the control group or two treatment groups.

The information of which group the �le belonged to was available to committee members

during the deliberations.

In the control group, the committee evaluates the application without the score. In the

�rst treatment group (T1), the score was added to the application before the beginning

of the evaluation. In the second treatment group (T2), the committee �rst evaluated the

application without the score and chose an interim action. The treatment status was

randomized before the committee’s evaluation process and the committee could ascertain

this status while deliberating the interim decision.7 Thus, the information set under

which committees made interim decisions in treatment T2 is the same as the information

set of the control group, except for the fact that the committee had information about

6BancaMia also operates rural branches, with a larger fraction of loans associated with agricultural
micro-enterprises.

7The research assistant present during the committee evaluations had the treatment status and gave
it to committees upon request.
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the future availability of the score. After recording the interim outcome, the research

assistants disclosed the score and the committee revised its choice if necessary. We report

in Appendix Table A.1 the number of control, treatment T1 and treatment T2 loans per

branch in the study sample.8

2.4 Descriptive Statistics

We present statistics grouping all the treatment applications together, and delay until Sec-

tion 4.2 the discussion regarding the distinction between treatments T1 and T2. Table

1, Panel A, shows descriptive statistics of pre-determined application characteristics for

control and treatment applications. The average requested amount and the score of loan

applications in the treatment and control groups are not statistically di�erent. Figure

2 plots the cumulative distribution of scores and requested loan amounts for the treat-

ment and control applications. The score and amount distributions are indistinguishable

between the treatment and control groups in a two-sample Kolmogorov-Smirnov test for

equality of distributions, with corrected p-values of 0.81 and 0.94 respectively. These

�ndings corroborate the internal validity of the experimental design.

Table 1, Panels B through E, presents the statistics for committee and loan outcomes.

Some outcomes, such as the time the committee needs to reach a decision, are measured for

all applications. Others are measured conditional on a particular action of the committee.

For example, the indicator for whether the loan was approved or not is measured condi-

tional on the committee reaching a decision, and the approved loan amount is measured

conditionally on the committee approving the loan. The average time spent evaluating

an application is 4.68 minutes (std. Dev. 3.28), and committees reach a decision (accept

or reject a loan) in 89% of the applications in the control group. Conditional on reaching

8In a short training workshop before the roll-out of the scores, branch directors and loan officers at
the eight pilot bank branches were provided with a detailed description of the treatments, a general
explanation of the credit risk model and the scores, and a discussion about the objectives of researching
the accuracy of the credit risk model in predicting client performance.
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a decision, in only 0.3% of decisions the committee rejects a loan in the control group.

Conditional on loan approval, the average ratio of approved to requested loan amount is

0.975, but there is substantial variance (Std. Dev. 0.419), indicating that committees

often exercise discretion in how much to lend out after reviewing an application. The

default rate|fraction of loans more than 30 days late in repayment measured six months

after the loan was issued| is 3.3% in the control group. Comparing the raw outcomes

in the treatment and controls groups in Table 1, on average committees spend more time

reviewing applications in the treatment group. Committees were also more likely to reach

a decision, and conditionally on making a decision, more likely to reject a loan, in treat-

ment applications than in control ones. Loan characteristics conditional on approval are

not statistically di�erent in the treatment and control applications.

Table 2 shows the descriptive statistics for applications in the control group conditional

on the action taken by the committee |made decision, sent application to the Regional

Manager, or sent the o�cer to collect additional information. On average, the applications

where the committee reaches a decision are for smaller amounts and are more likely to be

submitted by �rst time applicants than applications where the committee does not reach

a decision. Applications where the committee reaches a decision are no di�erent in their

credit risk (as measured by the score), to those sent up to the regional manager, but have

a smaller credit risk than those where the o�cer is sent to collect additional information.

Committees spend less time evaluating applications where they reach decisions than when

they do not. These statistics suggest that

We can also measure �nal outcomes for applications when the committee did not

make a decision during the experiment by tracking the application ex post in BancaMia’s

information system. This allows us, for example, to measure the disbursed amount and

the default rate of loans approved by the Regional Manager, or loans approved after a

second round of information collection by the loan o�cer. These �nal loan outcomes di�er
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substantially depending on the action taken by the committee. For example, the default

rate is zero for loans sent by the committee to the regional manager is and 14.3% for those

where the committee sent the loan o�cer to collect additional information.

These statistics highlight the substantial selection that takes place at the time com-

mittees are choosing whether to make a decision on a loan. When committees reach

decisions, it is almost always to approve a loan, even if it involves not approving the

entire requested amount. The application rejection rate by the committee is very low:

committees are more likely to send an application for review to the general manager or

postpone its review after collecting additional information, rather than rejecting an ap-

plication in the �rst review. As argued before, it is di�cult to ascertain whether this is

the optimal decision from the banks’s perspective given the heavy pre-screening of appli-

cations by the �eld o�cer, or whether the reluctance to reject re
ects an agency problem

inside the bank. In either case, it is likely that committees do not reach decisions on

applications that are more di�cult to evaluate. The statistics above indicate that the

di�culty of evaluating an application is strongly positively correlated loan size, while the

correlation with credit scores is weak.

3 Results

3.1 Committee Output and Performance

We use the following reduced form equation to estimate the e�ect of credit scores on

committee and loan outcomes:

Yi = β · Scorei +X ′
i · η + εi, (1)
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where Yi is an outcome related to loan application i (we discuss the e�ect of treatment T2

on interim decisions in Section 4.2). The variable Scorei is a dummy equal to one if the

loan application is in the treatment groups, i.e., if the score was available to the committee

at the time of making a decision, and Xi is a vector of application characteristics that

includes the applicant’s credit score, the requested loan amount, a dummy if it is the �rst

loan application of the potential borrower, and a time trend (in weeks).

For outcomes that are measured unconditionally (evaluation time or dummy for whether

a decision was reached) β measures the Average Treatment E�ect (ATE) of having a score

as an input to the credit evaluation process. For outcomes that are measured conditionally,

β represents a Local Average Treatment E�ect (LATE) on loans that meet the condition-

ing criterion (e.g. the e�ect of credit scores on approved loan amount conditional on the

loan being approved). The LATE and the ATE are very likely di�erent in this setting

because: 1) the conditioning variable is a�ected by the treatment status (scores a�ect the

likelihood that the committee makes a decision), and 2) application where the committee

reaches a decision are very di�erent to those when the committee does not. We discuss

the potential di�erences between the ATE and LATE magnitudes in the analysis of the

results.

We present the results of speci�cations that include predetermined controls in Table

3 (results without controls are not signi�cantly di�erent, see Appendix Table A.2). The

estimated e�ect of introducing a score on application evaluation time is 0.766 minutes,

statistically signi�cant at the 1% con�dence level (column 1). This implies that commit-

tees spend 16% more time on the average application when scores are available, measured

at the mean evaluation time in the control group. The increase in evaluation time comes

with more decisions: the proportion of cases in which the committee makes a decision

(accepts or rejects an application) increases by 4.2 percentage points, a statistically sig-

ni�cant increase at the 5% level (column 2). This implies that when scores are added as

13



an input in the decision process, the number of cases in which committees cannot decided

is reduced by over a third of the baseline proportion of 11% in the control group.

To ascertain whether the e�ect comes from committees spending more time in every

application or only in the marginal cases, we characterize the e�ect of scores on the

distribution of decision time. Table 4 shows the result of estimating speci�cation (1)

using simultaneous quantile regressions for the 10th, 25th, 50th, 75th, and 90th quantiles

of evaluation time. The results indicate that only percentiles at or above the median

are a�ected by the introduction of scores (the point estimate on the 90th percentile is

large but not statistically signi�cant). This indicates that scores do not shift the entire

distribution of evaluation times. Instead, the availability of credit scores increases the

evaluation time on applications that take longer than the median time to evaluate in the

�rst place. This is consistent with scores increasing the time committees spend evaluating

more di�cult applications.

If one assumes that the entire increase in evaluation time is due to the applications

in which the treatment led the committee to reach a decision when it would not have

done so otherwise, the estimates imply that the marginal cases require an additional

18.2 minutes to decide (0.766/0.042). Given that the average evaluation time for control

group applications where committees cannot reach a decision is 5.2 minutes, this implies

an almost fourfold increase in the time committees spend evaluating and making decisions

on marginal cases. This back of the envelope estimate is an upper bound on the amount

of time required to evaluate and reach a decision on marginal cases, and can be used to

obtain an approximate estimate of the cost savings implied by the introduction of scores.

Conditional on making a decision, the probability that a committee rejects an appli-

cation increases by 1.24 percentage points in the presence of scores, signi�cant at the 5%

level (Table 3, column 3). This LATE estimate implies a fourfold increase in the propor-

tion of applications rejected by the committee relative to the baseline probability of 0.3%
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in the control group. Due to the di�erences documented so far between the marginal

and inframarginal decisions, it is unlikely that this is an estimate of the unconditional

e�ect of scores on the likelihood of rejecting an application. Most likely, the e�ect is

concentrated on the marginal applications where the committee made a decision due to

the availability of the score (and would have not made a decision otherwise). Assuming

that all the additional rejections come from these marginal decisions, the estimate implies

that committees reject 22% of the marginal cases they decide on when scores are used as

an input ((1.24 − 0.3)/4.2 = 0.223). Together with the other �ndings, the results suggest

that more di�cult applications are also those that have a higher likelihood of rejection in

the �rst place.

Finally, conditional on the committee having approved the loan, scores do not have

a signi�cant e�ect on the average approved loan amount, on the likelihood that the loan

is issued, on the issued loan amount, or on the probability of default of the loan (Table

3, column 4 through 7). These LATE estimates are obtained only from approved and

issued loans and thus are not unbiased estimates of the ATE. The direction of the bias

depends on the average size and quality of the marginal loans, those that are approved by

committees due to the treatment. From the sign of the estimated coe�cients on requested

amount and the score in Table 3 (Columns 1 and 2), one can infer that applications for

larger loans and with larger credit risk scores are less likely to be decided on and take

more time to decide. It is likely then that marginal loans are larger and riskier than

inframarginal ones, which would imply that the β estimates in columns 6 and 7 represent

upward biased estimates of the ATE. Thus, the ATE of scores on loan size and default

probability is also likely small and insigni�cant.

The results in this subsection imply that the introduction of scores in the loan eval-

uation process increases committee e�ort, measured as time evaluating applications, and

output, measured as �nal decisions regarding an application. The introduction of scores
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appears to change the di�culty composition of the problems solved by committees, as it

enables committees to reach decisions on applications that are more di�cult to evaluate.

Despite the upward shift in the di�culty of the tasks performed, the quality of the deci-

sions, measured as the loan approval amounts and the ex post default rate of the loans

approved, remains unaltered.

3.2 Overall Performance

Increased committee e�ort substitutes, in the context or our study, for other more expen-

sive inputs to production. Namely, when committees reach decisions it reduces the need

for collecting additional information or for relying on manager input to make decisions. In

this subsection we can use the experimental setting to evaluate whether the introduction

of scores a�ects overall output. That is, we can measure the e�ect of the introduction of

scores on application outcomes without conditioning on the decision being made by the

committee during the experiment. This includes outcomes that were decided in subse-

quent meetings by the committee after additional information was collected, or decisions

made by Regional/Zonal Managers.

To do so, we estimate speci�cation 1 using as the dependent variable a dummy for

whether the loan was issued, the amount of the loan issued, and a dummy if the loan

defaulted after 6 months (see Table 5). All point estimates are close to zero, and not

statistically signi�cant at the standard levels. These results imply that scores shift the

decision making to the committee, without altering either the quantity or quality of the

overall loan approval process. The results con�rm, for example, that committees reject

more loans in the treatment group that would have been rejected anyway either by a

Regional/Zonal Manager or by the same committee in a later evaluation in the control.

Because the estimated e�ect on the likelihood that the loan is issued does not condition

on endogenous decisions made by the committee, the estimates represent an ATE of scores
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on the overall likelihood that a loan application will turn into an actual loan. Because

the e�ect of treatment on this extensive margin is not signi�cant, the LATE estimates

for loan amount and default that condition on the loan being issued are likely unbiased

estimates of the ATE. Taken together, the results con�rm that scores increase committee

productivity without a�ecting the overall performance of the decision making process of

the bank.

The introduction of scores may a�ect overall bank performance in a manner that

cannot be captured by the experimental design: by changing the pool of applications that

reaches the committee. For example, in anticipation of the availability of scores in the

committee stage of the evaluation process loan o�cers may have changed their information

gathering e�ort, manipulated the entry of data into the system to a�ect the score of an

applicant, in
uenced the borrower to change the requested loan amount in the application,

or postponed certain types of applications to the committee until the pilot implementation

in the branch ended. Because the randomization occurs at the committee level, once the

information in an application is already collected, we cannot use the experimental design

to evaluate this e�ect. Moreover, all the documented e�ects are measured conditional on

potential application composition changes.

We can perform a non-experimental test to evaluate whether scores a�ected the appli-

cation pool characteristics. We compare outcomes of the experimental branches during the

weeks of experimentation relative to other weeks, and relative to propensity score-matched

non-experimental branches of the bank during the same weeks, using the following speci-

�cation:

Yi = γ · ExperimentWeeki + Z ′
i · ψ + εi, (2)

where Yi is either the score of the borrower, the approved loan amount, or a dummy equal

to one if the loan is in default six months after issued. ExperimentWeeki is a dummy
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equal to one if the loan was approved during an experimental week in the branch. Zi is a

vector of controls that includes a full set of branch and week dummies, and branch-speci�c

trends.

We present the results in Table 6 estimated on two subsamples. Panel A shows the

estimates using experimental branches only, using all the loans approved starting four

weeks before the experiment began on the �rst branch (week 41 of 2010), and four weeks

after the experiment ended (week 26 of 2011). Panel B shows the estimates using exper-

imental branches and the same number of propensity-score matched branches during the

same period. Branches were matched based on size (number and total amount of loans

approved), average approved loan size and borrower score during the month prior to the

beginning of the experiment.

We �nd no statistically signi�cant change in the score, loan amount, or default prob-

ability of approved loans during experimental weeks across all speci�cations in Table 6.

These results imply that the introduction of scores either did not a�ect the applicant

pool, or that it a�ected the application pool in a way that exactly o�set the e�ect of

introducing scores on loan outcomes. Either way, the results reinforce the conclusion that

the introduction of scores changed the composition of inputs in the evaluation of loans,

with little impact on total output. The empirical setting only allows us to evaluate the

short run e�ects on total output, however. Since scores potentially free up loan o�cer

and manager time, it is possible that the results are lower bound estimates on the long

run e�ect on total output.

4 Identifying the Channel and Mechanism

This section explores the channel through which scores improve the productivity of com-

mittees in the loan evaluation process, and attempt to unpack the economic mechanism

behind the e�ect. To evaluate the channel, we document which margins of non-decisions
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are a�ected by the introduction of scores. To explore the mechanism, we exploit the exper-

imental design of the second treatment (T2) to evaluate whether scores a�ect productivity

keeping the information set of the committees constant.

4.1 Information Collection versus Problem Solving

The data allows identifying two distinct margins through which scores increase committee

productivity: 1) by reducing the need to collect additional information from applicants,

and 2) by reducing the need to use upper level manager time in evaluating loan ap-

plications. We use the following multinomial logistic speci�cation to model committee

choice between between making a decision, collecting additional information, or sending

the application to a manager in a higher hierarchical level to make the decision:

ln
P (Di = m)

P (Di = 1)
= βm · Scorei +X ′

i · χm + εmi, (3)

where Di represents the committee choice. We use the committee’s choice to make a

decision (approve or reject application), Di = 1, as the reference category. All right-hand

side variables are as in equation (1). There is one predicted log odds equation for each

choice relative to the reference one, e.g. there is a βm for the choice to collect more

information and one for the choice to send the application to the manager. A positive

estimate for βm implies that committees are more likely to take action m than to make a

decision (accept or reject) in the treatment group relative to the control group.

The results are presented in Table 7. The βm estimate is negative for, both, the choice

to collect more information and to send the decision to the manager.9 This implies scores

reduce both non-decision margins signi�cantly. To evaluate the economic signi�cance

of the e�ects, we report on the bottom rows of Table 7 the implied marginal e�ect of

9The coefficients on the treatment regressors βm are significant at the 1% level in a joint test across
the three choices)
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treatment on the probability of each choice. Observing a score decreases the probability

of sending the decision up to the manager by 2.1 percentage points, and the probability

of sending the loan o�cer to collect additional information by 1.6 percentage points.

The declines are economically signi�cant: they represent 44% and 25% reductions in the

baseline probability that an application is sent to the boss and postponed for additional

information collection, respectively.

The results suggest that scores increase committee decision making ability by reducing,

both, the degree to which they rely on managers in upper levels of the hierarchy to

solve problems and on the collection of additional costly information. One potential

economic mechanism through which scores a�ect these decision margins is by providing

an additional signal about applicant creditworthiness. This additional signal substitutes

for the manager’s expertise in solving the ‘problem’ of making the decision regarding a

loan application, as in Garicano (2000) . The signal also substitutes for the signal provided

by an additional information collection round by the loan o�cer.

In this purely informational interpretation, the source of the signal in scores is not

idiosyncratic information about the borrower, because all the borrower-speci�c informa-

tion collected by the o�cer is in the application folder. Moreover, since the loan o�cer

that collects the information in the �eld and has direct contact with the applicant is

present in the committee, it is likely that the committee has more soft, borrower-speci�c,

information than that contained in the score. The additional signal of the scores comes

from the additional precision of the mapping of the applicant’s characteristics to loan

performance in the population, rather than the mapping based on the small sample that

is drawn from the personal experience of committee members. This additional precision

may be purely statistical and due to the larger sample size, or it may be the result of

cognitive limitations of committee members in mapping complex and multi-dimensional

variables (borrower characteristics) into a single predicted outcome (default). In either
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case, under this informational interpretation scores make committees aware or relation-

ships between borrower characteristics and expected borrower performance that would

otherwise be unavailable, or would require the expertise of the manager to ascertain.

There are other potential mechanisms through which scores may a�ect committee ef-

fort and output. A salient one is by reducing information asymmetries between committee

members and management. As mentioned in Section 2 committee member compensation

is not sensitive to the cost of the decision making process. In particular, it is not sensitive

to whether the decision to issue the loan is made by the manager or whether making

the decision required an additional round of information collection. Since committees are

better are likely better informed about the di�culty of assessing an evaluation than the

managers, committees may resort to these choices too much, in the sense that the cost to

the bank of the marginal choices is larger than the private savings to the committee.

Scores may reduce the asymmetric information problem by providing an additional

signal of the borrower’s creditworthiness to the manager, and an additional signal of the

di�culty of the committee’s task to evaluate the loan and make a decision. Together with

implicit incentives (job retention, promotions), scores may reduce the likelihood that

committees take wasteful actions, as in Hubbard (2000). For example, once the score

makes the di�culty of evaluating an application observable, the probability of being �red

may increase and the probability of a promotion may decrease if the committee seems

incapable of making decisions on marginal applications.

In the next subsection we attempt disentangle the information and the agency mech-

anisms by analyzing separately the two treatments described in Section 2.

4.2 Information Versus Agency

The results presented so far are obtained using the �nal choices by the committee. In this

section we turn our attention to evaluating the e�ect of treatment T2 on interim decisions.
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In treatment T2 the committee performs an evaluation of the application and reaches an

interim conclusion before observing the score (e.g. with the same information set as

the control applications). The committees had available the information about which

treatment group the application belongs to during the deliberations of the interim choice,

and thus, about whether the score would be ultimately available in the loan application

or not.

In theory, we can use this treatment to evaluate how ratings a�ect committee decision-

making holding the information set of the committee constant, and to isolate the e�ect

of the pure information channel on committee output. For example, if scores have no

e�ect on interim choices then the agency mechanism described in the previous subsection

is unlikely to be a �rst order determinant of the overall e�ect of scores on committee

behavior.

One caveat of measuring the e�ect in interim committee choices is that committees

may have weak incentives to perform a thorough interim evaluation when they know

that they can revise the decision after observing the score. In this case scores would

have a negative e�ect on interim output and the results will be di�cult to interpret.

Although study participants were explicitly asked to perform a thorough evaluation of

the application regardless of the treatment status of the application, we interpret any

observed e�ect on interim decisions bearing the potential weakened incentives to exert

e�ort in mind.

We estimate the OLS equation (1) and the multinomial logit model (3) with interim

committee decisions as the left-hand side variable, and using for estimation only the

control and T2 subsamples. The right hand side variable of interest is a dummy equal to

one if application i belongs to treatment T2. The coe�cient on this dummy measures the

e�ect of making the score available on committee actions before the committee observes

the score, and thus re
ects the gross e�ect before receiving a new signal about borrower
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creditworthiness.

We present in Table 8 the results. The e�ect of the score on the probability of making

an interim decision estimated using the linear model is positive and signi�cantly di�erent

from zero at the 5% con�dence level (Column 1). The magnitude of the estimated e�ect

is 0.039, smaller than the estimated e�ect on �nal decisions but not statistically di�erent.

The interim choice e�ects of scores on the probability of rejecting an application (column

2), of sending the loan o�cer to collect more information (column 5) and of sending the

application to the manager (column 6), also have the same sign and similar magnitude

than the e�ects estimated using �nal committee decisions.

These �ndings indicate that scores have an e�ect on committee output even when

one holds constant the information that the committee has about the applicant. This

implies that scores have an e�ect on committee productivity above and beyond the pure

information e�ect, and the results are consistent with scores solving agency problems

inside the bank.

The point estimates of the e�ect on interim behavior are smaller than those on �nal,

behavior, although the precision of the estimates does not allow to plausibly distinguish

the di�erence in these speci�cations. To evaluate the pure information e�ect we can adopt

a di�erent approach: compare how committees revise their interim decisions in treatment

T2 applications after observing the score. Table 9 presents in matrix form the transitions

between interim and �nal decisions for all the applications in treatment T2. There is a

large concentration of the observations on the diagonal indicating that observing the score

does not have a �rst order e�ect on the interim decisions made by committees.

Committees revise an interim decision in eight out of the of the over �ve hundred

applications in treatment T2, or 1.5%. In every instance in which the committee changes

its decision, the change is between accepting the loan and sending the application up to

the manager, and vice versa. In seven out of the eight changes, the committee amends
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the decision from sending up to the manager to accepting the loan. Thus, observing the

score does not change in any instance an interim decision to reject an application. The

net e�ect of observing the scores is a 1.1% increase in the probability of making a decision

once the score is available. Added to the e�ect on interim decisions, it comes up roughly

to the estimated overall e�ect of scores on decisions estimated in the previous section.

Two conclusions can be drawn from these results. First, taking the magnitudes of the

point estimates at face value, they imply that over 75% of the e�ect of scores on decisions

occurs before the actual score is observed by the committee (0.039/(0.039+0.011)). Thus,

the bulk of the e�ect of scores on committee output is unlikely driven by information that

the score provides to the committee about the prospective borrower’s creditworthiness.

This non-information e�ect is consistent with an agency mechanism and leads committees

to make more decisions.

Second, this non-information e�ect explains the entire increase in the probability that

the committee rejects a marginal application. In other words, committees know which

loans ought to be rejected even before observing the score, and observing the score leads to

little update along the rejection margin. This suggests an agency agency problem in which

o�cers are reluctant to reject loans themselves: postponing the rejection of the loan, at

a cost to the organization, has an option value to the loan o�cer and the committee.

There are multiple potential sources for this agency problem. For example, committees

might try the loan to get approved by the manager because its members do not does not

pay reputation cost of a defaulting loan that was approved by boss. Alternatively, the

loan o�cer that brought the application in might push the case too hard because having

the application rejected outright tarnishes his reputation as a good screener. Again,

under these interpretations, scores may reduce the agency problem by lowering the cost

to managers and other committee members to judge the merits of the application.

We can also explore the pure information e�ect on the intensive margin of lending by
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comparing the loan amounts approved in the interim and �nal decision for the applications

in treatment T2. The scatterplot of the two decisions, shown in Figure 3, indicates that

although most of the amounts remain the same after observing the score (77.2%), in 16.2%

of the cases the approved amount is revised downwards, and in 6.6% revised upwards, after

observing the score. This result indicates that although the e�ect of scores through the

pure information channel seems to be secondary in the extensive margin of decisions made

by committees, it seems to have a substantial e�ect in the intensive margin of lending. The

result also highlights how the information e�ect through the intensive margin can pass

undetected with the typical estimation of ATEs: scores may lead to substantial upwards

and downwards revisions to approved amounts, but the e�ect on average lending can be

trivial even if these e�ects cancel out.

5 Conclusions

Information technology that make agents’ problems and decisions observable by the prin-

cipal may have ambiguous e�ects on the productivity of di�cult-to-evaluate workers. In

moral hazard contexts where the principal and the agent are symmetrically informed

about which actions are appropriate, observing the agents’ decisions reduces the cost of

inducing e�ort by the agent (Holmstrom (1979)). In contrast, when agents have career

concerns (Holmstrom (1999), Dewatripont, Jewitt and Tirole (1999)) and have private

information about the productivity of their actions (Prat (2005)), IT innovations may

under certain circumstances reduce performance.

The present paper uses a randomized controlled trial to identify the incentive e�ect

of an information technology innovation in the context of a micro-�nance institution. We

measure the e�ect of including in a credit application �le a unidimensional metric of a

borrower’s credit repayment probability based on her observable characteristics |a credit

score| on the output and e�ciency of credit evaluation committee. To distinguish the
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incentive e�ect, we use a treatment in which committees make decisions in anticipation

that the score will be available in the application, but before observing the actual score.

We �nd that credit committees are more likely to make credit decisions |accept

or reject an application| as opposed to passing the decision up to a superior in the

hierarchy or engaging in additional information gathering activities, when a credit score

of the borrower is available, even holding the information set of the committee constant.

The results imply that credit scores a�ect the committee productivity mainly by reducing

agency con
icts inside the lending institution.
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Figure 1: Population Credit Risk Scores and Loan Characteristics, Before Experiment

(a) Requested Loan Amount, by Score
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(b) Default Probability, by Score
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Non-parametric relationship between the score assigned by the credit risk model and requested loan amount (a) and default
probability (b) estimated on the sample of all loans approved by BancaMia during October 2010, one month before the roll
out of the randomized pilot program.
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Figure 2: Cumulative Distributions, by Treatment Group
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