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Abstract
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a puzzle and a challenge, for academics and policymakers respectively. We collab-
orated with a lender in Egypt to examine whether some microborrowers already in
their portfolio could make profitable use of radically larger loans. We find null aver-
age effects on borrower profitability, but see some evidence of increased household
expenditure. Using psychometric baseline data, combined with machine learning
methods, we find dramatic heterogeneity: firms experiencing the highest quartile
of treatment effects increase profits by 77% relative to the control group; those
in the lowest quartile experience a 52% reduction in profits. We characterize the
psychometric questions as identifying “go-getters” and find that while go-getters
experience higher enterprise profits and productivity under conditions of scarcity
(i.e., the control group), when capital constraints are relaxed (i.e., the treatment
group) they become impetuous and perform worse. The cautious non-go-getters
perform less well under scarcity but make better use of additional capital.
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1 Introduction

Credit constraints are at the heart of classic explanations for the persistence of poverty

and limited enterprise growth (Banerjee and Newman 1993, Galor and Zeira 1993), and

expanding access to credit has been a focus of efforts to increase incomes and fuel firm

expansion (Morduch 1999, De Soto 2000). Despite this, the large literature evaluating

credit expansion typically finds small impacts, leading some to conclude that access to

credit has neither has large positive impacts nor important negative effects (e.g., Banerjee

et al. 2015a, Banerjee et al. 2015b). Using results from a large randomized controlled trial

(RCT) in Egypt, we show that both parts of this conclusion are premature. Expanding

credit access can have both large positive and large negative impacts. Two departures

from the existing literature explain our results: we expanded access on a different margin;

and we gathered novel psychometric data to understand the importance of heterogeneity

and credit targeting.

We collaborated with The Alexandra Business Association (ABA), Egypt’s largest

microfinance institution (MFI) to study the impact providing larger loans. Treatment

borrowers were offered loans four-times larger than their previous loans, and control

borrowers were offered two-times larger loans. This design means we expand access on a

different margin. Existing studies typically focus on marginal borrowers and study the

impact of access to a small loan that would allow only incremental business changes. In

contrast we study a four-fold increase in loan size, given to non-marginal borrowers and

motivated by the lender’s desire to turn micro-enterprises into small and medium sized

firms. Consistent with this goal, we find that firms that do well with their loans hire

nearly two additional employees over the 30 months following the experimental loan. As

an indication of the departure from previous RCTs on credit impact, Appendix Table A1

compares loan sizes in our setting to those in the six studies discussed in Banerjee et al.

(2015b). At PPP exchange rates, loans in our treatment group are at least 2.5 times

larger than those in these studies, and are up to 15 times larger.

To better understand the importance of heterogeneity and credit targeting we worked

with the lender to gather responses to a long battery of psychometric questions at base-

line. We combine this novel data with recently developed machine laerning methods

(Chernozhukov et al. 2020) to identify critical treatment effect heterogeneity. This ap-

proach allows us to show that some borrowers clearly win (almost doubling profits) while

others lose (profits reduce by half) as a consequence of the much larger loan sizes.

In Egypt, as in many countries, there is a “missing middle” of credit availability:

MFI’s typically offer loans up to a maximum of about EGP 5,000 (∼ USD 280) whereas

banks typically start loan sizes at EGP50,000 (∼USD 2,800) and have formality require-

ments that often preclude micro or small enterprises. This bifurcation, whether supply

or demand driven, presents a an opportunity to test the impact of increasing loans sizes
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for micro firms. Fear of default is a common explanation provided by microlenders for

their unwillingness to offer larger loans. The Egyptian setting is a somewhat unique in

that “default” on a loan carries the threat of prison, and so default is unsurprisingly low.

Despite this, ABA management and staff were hesitant to expand access to large loans,

and thus engaged in this experiment as a test rather than full-scale launch.

Larger loans were popular among those eligible to be in the sample, and the experi-

mental intervention was successful at increasing loan size. Loans in the treatment group

were twice as large as those in control. Average impacts of this expanded credit access

were modest or null. Although profits, revenues and costs all increased by about 10

percent, none of those estimates are statistically significant. Household expenditures do

increase on average by about 10 percent, and this is statistically significant. ABA ex-

perienced no default on the loans, and overall the expansion led to an increase in their

profitability and led them to expand this type of lending across the organization after

the experiment.

In contrast, we find stark heterogeneity and large impacts among some groups. While

there are suggestions of heterogeneity in the existing literature (e.g., Meager 2016 and

Banerjee et al. 2019), there is a lack of clear theoretical guidance on how to identify

those who will turn a loan into increased profitability. Our approach was to collect novel

baseline data that describes more fully the entrepreneur, and then to rely on recent

machine learning techniques to identify heterogeneity. More specifically, we have data

that we divide into four types. First, we have two types of “standard” data: business

data such as previous loan repayment and profitability; and demographic data like age

and gender. Second, we have two types of data that are more novel and personal to

the entrepreneur: cognitive data, including for example Raven’s matrices and digit span

recall, and psychometric data similar to the “big five” measures of personality, but more

extensive.

We find that entrepreneurs in the top quartile of treatment effects see a large increase

in profits, about 77% of the control mean, whereas those in the bottom quartile are

harmed, experiencing a 52% loss. We then show the same pattern of related and also

downstream effects. The top quartile increase their wage bill by nearly 90% of the control

mean, employ nearly two new employees (in a sample with an average of 1.36 employees)

and increase household expenditures by about 40%. In the bottom quartile, entrepreneurs

reduce their wage bill by over 50% of the control mean, lose one employee and experience

a 0.2 standard deviation reduction in their self reported mental health. Perhaps in line

with the commonly accepted notion that expenditure is easier to smooth than income,

we do not detect any statistically significant reductions in household expenditure for the

bottom quartile.

Three points are worth noting about the heterogeneity. First, using only “standard”

data we do not discover any statistically significant heterogeneity. This suggests that
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(a) a lender seeking to identify those who will benefit most from larger loans will need

to collect data that goes beyond what is usually collected by a lender, and (b) it is the

characteristics of the entrepreneur, rather than the characteristics of the firm, that are

important for determining impact of increased access to credit. Second, we argue that the

heterogeneity is indicative of a type of firm that does well relative to others when credit

access is tight, but makes poor choices when credit constraints are relaxed. We term these

entrepreneurs “impetuous go-getters”. They are go-getters because the way they answer

psychometric questions expresses a desire to get ahead and because when they are in the

control group they see larger than average increases in profitabilty between baseline and

endline and have higher endline TFP. They are impetuous because they see smaller than

average improvements in profits, and lower endline TFP, when they are placed in the

treatment group, leading them to lose money when they experience a credit expansion.

Finally, it is worth highlighting that entrepreneurs that made a loss from their borrowing

did choose to take-out the larger loan, a fact that seems to contradict the most basic

versions of a rational borrowing model.1

Our paper joins three others that we are aware of that examine different margins of

expanding access, and that also find large impacts. In recent important work Breza and

Kinnan (2018) studies the impact of the cancelling of all microcredit access in Andra

Pradesh due to the Krishna loan crisis. They find large impacts on household consump-

tion. The margin on which this experiment alters access is, like our study, very different

from the norm: cancelling borrowing for all, rather than marginal borrowers; removing

credit rather than adding credit; and general-equilibrium rather than partial. Also related

is Banerjee and Duflo (2014) which studies an Indian program that expanded preferential

credit access to larger firms (with more than about 150,000 USD in capital stock). This

expansion led to substantial investment and increased profits. Finally, Bari et al. (2021)

provide in-kind loans to existing businesses, which like our intervention are four times

the size of previous loans. They find modest profit and household expenditure increases.

We also join a growing literature using different methods to document heterogeneous

firm level returns to capital. Hussam et al. (2017) finds that individuals are able to identify

which peers have the highest returns to capital. Beaman et al. (2014) finds that farmers

that borrow also have higher returns to capital than those that do not choose, and are not

chosen to, borrow. Crépon et al. (2020) shows that there is substantial heterogeneity in

the returns to both cash drops and loans and that this may help to explain the difference

in impacts between cash drop experiments in the spirit of De Mel et al. (2009) and the

more recent microcredit experiments. Also related is McKenzie and Sansone (2019) which

finds that neither experts nor machine learning methods predict future entrepreneurial

1The machine learning techniques identify genuine heterogeneity in treatment effects for different types
of firms, rather than just negative shocks to the business, since all of the predictions are done using
baseline data, and loan sizes were randomized.
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success using “standard” loan application and business data. This question differs from

ours in that they are predicting future enterprise success not treatment effects, and have

less comprehensive psychometric data.

2 Study Setting and Sample Characteristics

2.1 Implementing Partner

We partnered with Alexandria Business Association (ABA), a nonprofit organization and

the largest microfinance institution in the Middle East by number of clients. At the time

of the study ABA had over 400,000 borrowers and fewer than 1% of those borrowers had

loans over 1,000USD\13,000EGP.2 Senior management expressed interest in expanding

their lending to small and medium enterprises (SMEs). Immediately prior to our project,

ABA policy allowed for new loans to increase by up to 50% after successfully repayment

of a prior loan.3

At the time of our study, ABA provided both individual and group loans and our

intervention focused on the individual lending side of the portfolio. Individual loans

began at 115USD\1,500EGP and had a ceiling 100,000EGP. Annual interest rates varied

slightly depending on market conditions, but ranged from 14% to 17%.4 Borrowers could

take loans of various maturities, but the majority of loans were provided on 12 month

terms. Borrowers could go to a branch office to apply for a loan, but many loans were

initiated directly with loan officers who often visit businesses to recruit new borrowers.

The application process required individuals to commit to repayment and to include a

guarantor. ABA provided both household and enterprise loans, but loans over 20,000EGP

were provided only to registered businesses. This requirement was relaxed for our study,

allowing many unregistered enterprises to get loans larger than 20,000EGP.

2.2 Experimental Design

Existing clients who were deemed eligible were divided into a treatment group who could

apply for a loan of up to four times the size of their previous loan, or a control group

that was eligible to receive a loan of twice the size of their previous loan.5 The loans were

2The average exchange rate during the disbursement of the loans was approximately 13EGP per 1 USD.
The PPP conversion factor was about 2.9 during the study period. Throughout we use the exchange
rate rather than PPP conversion in reporting USD equivalents
3Borrowers could request a larger than 50% increase, but that required approval from the deputy CEO
and COO, and only happened in extremely rare cases
4In this context many borrowers may be concerned about the Islamic prohibition on paying interest, but
a ruling by Egypt’s main religious authority, Al Azhar, states that interest rates charged by non-profit
lenders are not prohibited.
5Although the plan had been to allow treatment loans to be up to ten times the size of the previous
loan, in practice ABA let treatment loans be typically four times larger but not more
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implemented under a program called Tamouh, which translates to “Ambition”. To form

an eligible group of borrowers, the bank first informed loan officers about the lending

program and asked them to suggest clients who would be appropriate for a much larger

loan. Loan officers then communicated the details of the program to the identified clients,

telling them that if their application was approved they would be randomly allocated to

either a 4x or 2x larger loan. It is important to note that this design implies the control

group was a small deviation from prior policy, in which loan sizes increased by at most

50%, except in rare cases. The decision to provide the control group with 2x loans, rather

than the existing policy of 1.5x loans, was made by the bank at the suggestion of credit

officers who believed that this would make the randomization seem fairer. Since the

selection into the experiment is endogenous, we cannot interpret cleanly a comparison of

the 1.5x existing policy to the 2x in the control group.

Part of the capital for the Tamouh loans was provided by Silatech, a regional philan-

thropic foundation, who agreed to cover some of the risk of default. The partial guarantee

was negotiated because of ABA’s concerns that the larger loans would lead to default.

The existence of the guarantee was known to the Board of Directors of ABA but was

intentionally kept from credit officers to avoid any change in enforcement effort. At the

time of the experiment, the majority of credit officer compensation was an incentive pay-

ment that depended on the number of loans, not the size of loans, and also included a

repayment condition. If a loan officer’s portfolio repayment rate was below 97%, they did

not receive any incentive payment; for repayment rates above 97% but at or below 98.5%

they received 50% of their incentive payment, and for repayment rates above 98.5% they

received their full incentive payment. Because repayment rates were based on default

relative to overall portfolio size, credit offers expressed concern that the Tamouh loans

could harm their overall compensation. To appease this concern senior management

added an additional incentive for loan officers, which provided a fixed payment for each

client that ended up in the experiment. Ultimately, all of the loans in the experiment,

both treatment and control, were repaid, and thus had no adverse effect on the credit

officer portfolio repayment rates.

When invited borrowers applied to the program they filled out a standard loan ap-

plication as well as an in-person baseline research survey, conducted by employees of

ABA who worked in the non-financial services division.6 Borrowers were informed about

the goals of the research and that their data would not be shared with ABA’s financial

arm and would not be used to make lending decisions. The baseline survey included

detailed questions about the borrower’s businesses, demographic questions, as well as

non-standard types of data, including cognitive and psychometric questions, which we

6The data collection had to be implemented by employees of the organization due to data collection
regulations in Egypt at the time of the study. They were accompanied by trained supervisors from
Silatech.
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detail below. Afterwards, a central credit committee reviewed the borrower’s application

(without access to the baseline survey answers) and made a lending decision. In all cases

the credit committee required that borrowers had successfully repaid at least three prior

loans. Approved loans were grouped in to batches for randomization. For the randomiza-

tion, we worked closely with ABA to randomize 31 batches of applicants over 13 months.

For each batch, ABA would send to the research team a list of between one and 133

applicants. For each applicant, we were given the full application material but only used

the identity of the credit officer for the purpose of stratification. To stratify, we employed

a simple block randomization routine by credit officer. When there was an odd number

of applicants with an individual credit officer, we assigned the additional applicant with

an independent 50% probability to treatment or control.

Aside from the loan size, the loans adhered to ABA’s normal loan terms, monthly

repayments, and monitoring and enforcement protocols (more detailed description below,

under description of the first stage results).

2.3 Data Collection

We use two data sources - in-person surveys and administrative data on loan perfor-

mance. We implemented three rounds of in-person surveys: a baseline implemented

before individuals were randomized into treatment and control groups; a first follow-up

implemented on average 20 months after disbursement of the loans; and, a second follow-

up implemented on average 30 months after the disbursement of the loans. The in-person

surveys collected two types of data, (1) standard data on borrower characteristics and

the business, and (2) cognitive data, and “psychometric data” collected through a set of

50 statements meant to characterize borrower personality traits.

Standard Data on Business and Borrower Characteristics

All three surveys included standard information on business and borrower characteristics.

For business questions, we included profits, revenue, expenditures, and the number of

employees and their wages. For borrower characteristics, we included age, experience

and education. We also measured household expenditure using a survey question which

asked for total expenditure on a set of commonly consumed food items with a 1 week

recall, a second question asking total expenditure on a set of less regular expenditures

such as water, electricity and transportation on a 1 month recall and finally a question

asking total expenditure on irregular purchases like clothes and mobile phones over the

past year. We use baseline versions of these measures to look for heterogeneity and

endline measures as outcomes.
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“Psychometric” and Cognitive Data

We included 50 “psychometric” questions in our baseline survey. These data take the

form of statements that respondents were supposed to assess on a scale from 1 to 5, with

a “1” indicating that they agree strongly with the statement and a “5” indicating that

they disagree strongly with the statement. The statements are meant to assess which

psychological traits are associated with the respondent’s personality. These include traits

considered to be in the “Big 5” in the psychology literature, such as conscientiousness,

extroversion and agreeableness Digman (1990). Examples of the statements include: “I

am good at making last minute changes to plans” which is associated with conscien-

tiousness; and “Before I go to sleep I think ‘what could I have done better today?’”.

We also included statements that were shown to be associated with people’s proclivity

for entrepreneurship. These statements include “In my group of friends I am the most

creative person”, and “I have a strong desire to be successful in life” (Ahmetoglu et al.

2011, 2017). The 50 statements at baseline were a subset of a 140 statement list that

was produced for this study. The remaining statements were included in the follow up

surveys. The statements were split across the 3 surveys in an adhoc fashion given survey

time constraints and our lack of a clear theory to guide choices.

We measure cognitive ability using Raven’s matrices, digit span recall, risk aversion

and financial literacy during the baseline survey.

Administrative Data

Administrative data from the lender provides a detailed account of every payment made

by the borrower, including the amount of the payment, the date of the payment, propor-

tion of the payment that went to principal, interest, and any associated late fees. These

data cover the five loans prior to the experimental loan as well as any loans up to 30

months after the experimental loan.

Sample Characteristics

Table 1 reports sample summary statistics and balance verification for the randomization.

Borrowers are on average 40 years old, and average about 12 years of experience in the

current business. About 20% of the sample are women; a little more than half completed

high school; and about a third run registered businesses. 37% have employees, with an

average of 1.6 employees conditional on having any. Monthly profits average about 6800

EGP, equivalent to USD 525. The average size of their previous loan from ABA was 7540

EGP. At the time of the baseline survey 12% borrow from other sources, with an average

outside debt of about 2,000 EGP.

Column 2 reports the baseline difference between the treatment group and control

group, after controlling for the stratification variables (credit officer fixed effects). None
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of the differences is statistically significant, and a joint test of significance, reported at

the bottom of the table, yields a p-value of 0.90.

3 Average Impacts: Intent to Treat Estimates

We use a standard ANCOVA regression framework to estimate average intent-to-treat

effects, pooling our two rounds of follow-up data. Specifically, we estimate

Yit = β1Ti + β2Yi0 + δLO + λt + εit,

where we have up to two observations per person (one for each of the two follow-up

surveys), Yit is the outcome of interest at time t and β1 is the coefficient of interest on

a binary variable that is equal to 1 for individuals assigned to the treatment group. We

include the baseline value of the dependent variable as a control when available as Yi0,

loan officer fixed effects as δLO, and an indicator variable for the second survey round as

λt. We cluster standard errors at the individual level.

3.1 Borrowing at ABA (First Stage)

Table 2 reports how borrowing differed by treatment assignment. 76% of the control

claimed their loans, while 84% of treatment did so. As intended, we find that the average

loan size in the treatment group is more than double the loans size in the control group.

Standard loan terms were 12 months, but borrowers were allowed to request longer to

repay and requests were considered by the central credit committee. Treatment group

borrowers loan terms were 50% longer on average (19.7 months versus 13.2 months on

average). Thus while monthly payments for the treatment group were larger than for the

control group, the gap is 40% rather than 100%.

Figure 1 shows how outstanding debt from the lender differs across treatment and

control groups over time, extending 3 years after dispersal of the treatment loans. It

shows how, in the year proceeding the experiment, treatment and control had very similar

levels of debt. After the experiment, outstanding debt climbs for the control group but

climbs dramatically higher for the treatment group. Given the differences in the length

of the loan, the figure shows how the control group’s outstanding debt falls around the

12 month mark as their experimental loan is repaid and then increases again, showing

another small dip at 24 months. For the treatment group, outstanding debt is at its

lowest level at around 22 months after disbursement after repayment of the experimental

loan, and then shoots back up directly afterwards.
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3.2 Average Impacts on Loan Repayment and MFI Profits

Using administrative data from the lender we are able to assess how borrower repayment

behavior differed between the treatment and control groups. Table 3 reports that every

individual in the study eventually repaid their loan, implying that the concerns over higher

default rates were far from realized. Despite full repayment many borrowers struggled

to make all of their payments on time, with treatment firms faring worse. 76% of the

control group had a perfect repayment record, while only 63% of the treatment group

did, a decrease of 13 percentage points. Similarly, those in control had a late payment

due for 12.5 days while the number is twice as large in treatment at 26.8 days.7

The increase in late payments naturally leads to an increase in payment penalties,

which allows us to assess the impact of these larger loans on the lender’s bottom line.

Table 3 calculates total penalties paid by borrowers in the first 24 months after disburse-

ment. This timeframe is long enough to account for the fact that some control firms

may have taken two loans in the time a treatment firm had only one. Over those 2 years

control firm average 128EGP in penalties while those in treatment average 323EGP, an

increase of 195 EGP. This increase in penalties paid is much greater than the opportu-

nity cost associated with the money that remains outside the lender during the time the

borrowers are late. We also calculate the average amount of funding that was unavail-

able to the lender due to late payments and find that it is nearly twice as high for the

treatment group, but is a small amount relative to the payment penalties recouped by

the lender. The total opportunity cost of money to the lender is that amount multiplied

by the market interest rate they could have charged, this implies that even if the market

interest rate were 100% (which it is not) late fees more than compensate for the increase

cost of capital.

To determine whether or not the larger loans were more profitable from the lenders

side we also need to consider the potential increased costs of loan officer time dedicated

to following up with the borrowers to ensure eventual payment. Loans officers and senior

management report that loan officer time did not change significantly due to the offsetting

forces of decreased administrative load from fewer larger loans, and additional time spent

focusing on following up with the borrowers of the larger loan. Both loan officers and

senior management grew to view the program as a success from a business perspective

and they expanded it throughout the entire organization after the completion of the

experiment. We conclude that the larger loans were profitable for ABA.

7As discussed above, the treatment group had loans that had longer terms of maturity on average and
so we consider the average number of late days per month of the loan and find that it is 47% higher in
treatment relative to control. This difference is significant at the 1% level.
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3.3 Average Impacts on Primary Outcomes

Column (0) in Panels A and B of Table 4 reports the average impacts of treatment on a set

of five primary outcomes. Profits increase by 1,448 EGP a month, a 9% increase relative

to control. Profits are highly variable leading to a large standard error, and this increase

is not statistically significant. Impacts on revenues and expenses are similar, with an in-

crease of 5,715 EGP (14.9% increase) & 5,251 EGP (18.6% increase) respectively, neither

of which is statistically significant at conventional levels.8 We also consider impacts on

employment outlays in the row titled “Wage Bill” and find a statistically insignificant

increase of 144EGP which is a 6.9% increase relative to control.

Our final primary outcome is household expenditure. There we find an increase of

446EGP, an 11.1% increase relative to the control group. This difference is statistically

significant at conventional levels, reflecting the lower variance in expenditure relative to

the business outcomes we consider. All together these results provide suggestive evidence

that the treatment led to increases in business performance on average, and stronger

evidence that the treatment is changing household outcomes.

Column (0) in Panel C of Table 4 reports average impacts of the treatment on 9

additional outcomes, 5 important business outcomes, including the number of employees,

2 downstream measure of health, and 2 measures related to loan performance. We see

no statistically or economically important impacts for these variables.

4 Heterogeneous Treatment Effects

While the average treatment effects suggest a small positive effect of larger loans on busi-

ness outcomes, it is possible that these average impacts hide important heterogeneity. We

collected the psychometric data precisely for this reason, given previous work that sug-

gests that these types of data could be predictive of performance. To assess heterogeneity

we follow Chernozhukov et al. (2020) which provides a strategy for determining whether

there is significant treatment effect heterogeneity in randomized experiments where the

set of covariates its high dimensional and there is no clear ex-ante hypothesis on which

to base a pre-analysis plan.

Because the main aim of the experiment was to increase the profitability of firms, we

first look heterogeneity in the ATE for profits, in doing so we follow Chernozhukov et al.

(2020) closely and we give a brief description of the method for completeness. We follow

a slightly different approach for other outcomes, which we discuss below.

To estimate heterogeneity in treatment effect for profits, we first split the sample into a

“training set” and a “testing set”. Throughout we use 50/50 splits. Using the training set

8Our profit measure asks business owners to directly report their profits, instead of simply subtracting
expenditures from revenue. This has been shown to be preferable due to the potential for revenues and
expenditures to be timed differently in a given month (De Mel et al., 2009).
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only, we train an ML method to generate a “control” effect B(Zi) (the expected outcome

for firms with covariates Z if they were assigned to cotrol) and predicted treatment effect

S(Zi), where Zi denotes the full set of covariates used to predicting heterogeneity for

subject i. Below we show results where we alter the set of covariates used. Any ML

method could be used, but we use 4 options, elastic net, neural net, random forest and

gradient boosting and then take the one with the highest prediction score.9 In all cases

we use the implementation of these method from the R package caret.

With the estimates B(Zi) and S(Zi) in hand we then undertake two analyses using

only data from the testing set. First, we run the regression

Yi = α ∗Xi + β1 ∗ Ti + β2 ∗ Ti ∗ S(Zi) + εi (1)

where Xi is a set of covariates that includes B(Zi) and Ti is an indicator for treatment

group.10 Under the null hypothesis of no heterogeneity β2 = 0 and testing this null is our

primary use for this specification.11 Second, we split the testing sample in to quartiles of

predicted treatment effect using S(Zi) and run the regression

Yi = α ∗Xi +
4∑

j=1

γj ∗ Ti ∗ 1(Si ∈ Ij) + ηi (2)

where Ij is the set of firms in the jth quartile.12 γj measures the “sorted group aver-

age treatment effect” (GATES) for each quartile, it is the key measure that we use to

understand how treatment effects different across well defined groups.

The key contribution of Chernozhukov et al. (2020) is to show how to get theoretically

correct inference for these analyses and, again, we follow their approach. We repeat the

split into training and testing sets 100 times (each with a different randomly chosen split)

and run the analyses in (1) and (2) for each split. This process produces estimates of the

key parameters β2 and γj for each of the 100 splits, as well as the associated confidence

intervals, standard errors and p-values. For the parameter estimates we report the median

from the 100 runs and we do the same for standard errors. For a 1−α confidence interval

we report the median of each boundary of a 1− α/2 confidence interval from each split.

For hypothesis tests, we state that a hypothesis is significant at the α level if the median

p-value is less than α/2. The use of α/2 in the hypothesis tests and confidence intervals

corrects for sample splitting.

9This is defined as |β̂2|2V̂ ar(S(Z)) where β2 is defined in equation (1) below.
10The treatment assignment is included as the treatment binary minus a propensity score associated with
treatment assignment, and the individual treatment effect S(Zi) is included as a deviation from its mean.
11β2 = 0 if there is no heterogeneity, or the ML prediction S(Zi) does not capture that heterogeneity.
Hence, this test is of a joint hypothesis, that there is heterogeneity and that the ML methods can detect
it using the covariates that we have.
12Again, the treatment assignment is included as the treatment binary minus a propensity score associated
with treatment assignment.
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Results are presented in Figure 2 and Columns (1) - (4) of Table 4, Panel A. Figure

2 shows GATES for quartiles using three different definitions of Zi: all our data, which

includes both psychometric data and standard data; just the psychometric data; and just

the standard data. The first point to note is that there is strong evidence of heterogeneity.

Using just the psychometric data, or both the psychometric and standard data we reject

the hypothesis of no heterogeneity in treatment effects (β2 = 0) with a p-value of 0.02 for

the psychometric data and 0.09 with both data types. Concentrating on the estimates

using the psychometric data we find in Columns (1) - (4) of Table 4 that those in the

most positively impacted group see about a 6,000 EGP increase in monthly profits, and

that this impact is significantly different from zero at the 5% level. At the other extreme,

those in the least impacted quartile lose around 4,300 EGP per month in profits because

of the treatment, an effect that is statistically significant at the 10% level. To put these

coefficients in perspective, mean profits in the control group in our sample is about 8,600

EGP per month meaning that the positive gain for the top quantile is about 77% of the

control mean, while the loss for the least effected group is about more than 50% of the

control mean.

The second thing to note is that the psychometric data does a much better job of

capturing heterogeneity in treatment effects than does the “standard” data. When we

utilize all of our data the p-value to associated with the heterogeneity is 0.092 and the

difference in GATES between the top and bottom group is about 5100 EGP. In contrast

when we restrict our data only to the psychometric questions we find stronger evidence of

heterogeneity than when we included all the data, with a p-value of 0.020 with a bottom

v top group difference of over 10,000 EGP. Finally, when we use only the standard data

the estimated p-value increases to 0.225 (so that we cannot reject the joint hypothesis of

zero heterogeneity or that the standard data cannot detect the heterogeneity) and the

difference between top and bottom groups is less than 5000 EGP. This is true despite

classifying the additional Raven’s Matrix questions that assess cognitive ability and our

questions on risk aversion and financial literacy as “standard” questions, whereas most

lenders do not include questions like that in their loan applications. This implies that

it is primarily the psychometric data that are allowing us to predict the heterogeneous

treatment effects.

4.1 Conditional Group Average Treatment Effects

While the method from Chernozhukov et al. (2020) allows for assessing heterogeneity on

any variable, the motivation for the program was to help businesses grow their profits.

Hence we are primarily interested in seeing whether there are heterogeneous treatment

effects for other outcomes conditional on the impact on profits. For example, while we

expect there is also heterogeneity on business revenues, we are not interested in identifying
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the group that has the highest increase in revenue, because that is not the goal of the

program. Instead we would like to know how revenue changed for those individuals who

were in the highest profit group. To do this we extend the GATES procedure from

Chernozhukov et al. (2020) into a method to estimate Conditional Sorted Group Average

Treatment Effects, or “CGATES”.

The CGATES procedure follows the normal GATES procedure very closely. For each

of the sample splits (into training and testing) we train our ML method on the training

data and calculate Si = S(Zi), the predicted individual treatment effect for i, for each

individual in the testing group. At the end of this procedure we take the median of these

individual treatment effects for each i and rank individuals to create quartile rankings

according to the individual treatment effect for profits. We then run

Yi = α ∗Xi +
N=4∑
N=1

βTGN
GNi ∗ Ti +

N=4∑
N=1

βGN
GNi + εi,

where GNi is an indicator for individual i being in the Nth quartile ITE group for profits,

which we refer to as the Nth CGATES group.

We are interested in βTGN
, which is the average treatment effect for individuals who

were allocated to the different 4 different CGATES groups. The main difference between

our method and the Chernozhukov et al. (2020) method is that the group assignment is

based on profits and not on the other outcomes of interest that we will analyze. This

allows us to assess how impacts differ for individuals who increased their profits in re-

sponse to the larger loan and those who decreased their profits. As above, we multiple

by 2 when computing standard errors and p-values to account for sample splitting.

Columns (1) - (4) of Panels B and C in Table 4, report the results of these regressions.

Panel B shows impacts on our primary outcomes other than profits. Column 1 reports

the treatment effect for individuals who were in the first CGATES group (those in the

lowest quartile of individual treatment effects for business profits). Columns 2-4 follow

the same format, reporting the treatment effect estimates for individuals who were in

the second, third and fourth CGATES groups. The individuals in each group are held

constant across all of the regressions in Panels B and C of Table 4, we are conditioning

on the ITE group for profits, and not for the ITE groups optimized for the outcomes

presented.

The first row in Panel B shows that those in the highest ITE quartile for profits also

have a large increase in revenues, with an increase of 47,934EGP, while those in the lowest

CGATES group see a revenue decrease of 44,853EGP. These outcomes are statistically

significantly different from zero. A similar pattern holds for the other business outcomes

in the subsequent three rows: there are large statistically significant gains for those in the

top CGATES group and losses for those in the bottom CGATES group. For example,
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those in the top CGATES group increase their wage bill by over 2000 EGP per month,

while those in the bottom CGATES group decrease their wage bill by about 1,300 EGP.

The final row in Panel B shows that the heterogeneous effects in business outcomes are

also reflected in reported household expenditure. The top group experiences a statistically

significant 1,824EGP increase in expenditure, while the bottom group sees a decrease of

608EGP, although this decrease is not statistically significant.

These estimates show that there is a subset of the sample who are using the loan to

greatly expand their business, increasing revenues and expenditure, as well are increasing

employment through additional spending on labor. These individuals are also using the

additional business profits to also increase their expenditure at home. On the other side

of the spectrum are individuals who were unable to turn the larger loan into business

profits, and instead are dealing with a large decrease in the size of their business across

revenue, expenditure and labor outlays, with suggestive evidence that the negative busi-

ness impacts also extended to the home, with a decrease in household expenditure. One

point to note here is that the vast majority of the sample wanted the larger loan, and

hence thought they could benefit from the larger loan. The evidence, however, suggests

that for about 25% of the sample this was not the case.

Critically these groups are not generated in a way that overfits the data to maximize

heterogeneity, rather they are produced through a method that utilizes baseline data and

split-sample validation. This means that the ITEs estimated for each person do not use

any of the data on that own individual’s performance. Hence, it is not equivalent to

grouping individuals who may have realized a negative/positive shock in their business

and splitting up the sample based on realized outcomes. Instead, this categorizes people

based on their baseline characteristics and the algorithms’ predictions about how they

would perform with the larger loan based on the performance of other people who are

observationally similar.

This indicates that there is a “type” of borrower who will be able to grow their business

with larger loans and a “type” of borrower who will actually shrink their business when

provided a larger loan. This is particularly striking given the several layers of review that

were already built into the selection of the sample. In addition to the borrowers requesting

the loan on their own behalf, the loan officers needed to approve of the individual getting

a larger loan, the borrower had to have successfully completed 3 previous loans, and

a central credit committee needed to review their case before they were randomized.

Hence all of the links across that chain were intended to weed out individuals who would

not benefit from the loan, but even in this highly selected sample there is significant

heterogeneity and a group of borrowers who are negatively impacted by taking out the

larger loan.

Panel C continues our analysis of heterogeneous treatment effects, showing estimate

treatment effects for each CGATES group on additional outcomes. The table shows that
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for those in the top CGATES the larger loan increased their ability to keep their business

open by 4 percentage points. The loan also led to an increase in the number of branches

by 0.17 branches, the number of employees by 1.75 employees (a very large increase), and

to the introduction of new products. While the point estimate suggests a large increase

in the value of assets for this group this change is not precisely estimated. There seems

to be minimal impacts on mental and physical health, as well as on borrowing behavior.

On the other hand, for those in the lowest CGATES group the loan increased the

likelihood they closed their business by about 7 percentage points, led to a decrease in

the number of branches by about 0.1 branches, decreased the number of employees by

about 1 employee, and led to a statistically significant reduction in the value of assets

by about 230,000 EGP. We also find that, for those in this group, the loan led to an

reduction in the quality of self reported mental health by about 0.2 standard deviations

and physical health by a similar amount. In line with these results, these individuals also

pay more in late fees to the lender than individuals in other groups, and are less likely to

be borrowing from the lender 30 months after the initial loan was provided.

5 Who Benefits Most from Big Loans?

5.1 Describing the top and bottom performers

Table 4 provides evidence of important heterogeneity in the impacts of providing big

loans to small firms. Some individuals are able to use the loans to grow their business,

while others are negatively effected. Table 5 compares the baseline characteristics of the

individuals in the top individual treatment effects on profits group to those in the bottom

group, where groups are created using only the psychometric data. While the machine

learning algorithms are non-parametric in nature, comparing the average baseline value

across groups can help us better understand what differentiates the two groups.

We include several standard baseline variables, such as age, gender, cognitive tests,

business performance and some psychometric questions. We find no statistically signifi-

cant differences between the top and bottom performing groups on age, monthly business

profits, revenues or expenditures. It is important to note, however, that some of these

outcomes are very noisy. For example, for profits the top CGATES group has baseline

profits that are nearly three times the profits of the bottom CGATES group, but the

difference is not statistically significant. We do find statistically signfiicant differences in

other domains. The top performing group has 10 percentage points fewer women, 0.5

more employees at baseline and performs better on our set of financial literacy questions,

and marginally better on our cognitive ability assessments.

To get a sense of how top and bottom groups differ in their response to our psychome-

tric questions, we ran a lasso with all 50 psychometric statements on the right hand side
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predicting the estimated individual treatment effect and chose the top five most predic-

tive questions. We find that individuals in the top group responded more negatively to

these five statements. The statements include “I always get things done ahead of time”

and “I prefer to have a flexible schedule - I don’t like being tied down”, which are two

statements that are associated with the psychological trait of conscientiousness. Other

statements include “In life, failure is not an option” and “I can think of several solutions

to any problem”, which are associated with“need for achievement” and “Generalized Self-

efficacy”, respectively (Costa Jr and McCrae, 2008). Across all of these questions those

who have high treatment effects are more likely to disagree with these statements. We

consider those who agree with these statements to be “go-getters”: they are individuals

who like to work hard, make changes, and engage in experimentation. Those who benefit

most from the loans are not go-getters.

We also show that these five answers are alone strongly predictive of treatment effects.

Appendix Table A2 generates an index of the responses to just these five statements,

and then splits the sample into quartiles based on their value in this index. The table

shows this index is able to identifying the highest performers and the lowest performers.

This suggests that it may be operationally possible for lenders to utilize a small list of

statements that could help them target their programs towards those they are most likely

to help and away from those that they are least likely to help.

5.2 Decomposing the Heterogeneous Treatment Effects

What types of firms do well with larger loans? We can think of firm performance with

and without loans as being determined by two characteristics, the first we call operator

type and the second we call borrower type. Firms with a high operator type earn high

profits in the absence of loans. Firms with a high borrower type have a high marginal

return to borrowing. It is possible that these two characteristics are positively correlated:

high operator types earn well in the absence of loans, but also quickly become credit

constrained and so benefit most from loans. It is also possible that these types are

negatively correlated: some firms are more impetuous and take big risks, when they do

this without the necessary financial backing they make losses (they have low operator

type), but when they have the necessary financial resources they do better (they have a

high borrower type).

Table 6 presents some evidence to suggest that the latter interpretation is correct, op-

erator and borrower type is negatively correlated. Each column in the table is a regression

in which we regress a measure of firm performance on our 5 question psychometric index

as a proxy for individual treatment effect. The go-getters discussed above have lower val-

ues for this index. Panel A has baseline to endline change in profits as the LHS measure

of firm performance, while panel B has endline TFP. Columns 1 and 2 show that when
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they are places in the control group our go-getters do well: they are the firms that see

the largest baseline to endline increase in profits, and also the firms that have the largest

endline TFP. In contrast, columns 3 and 4 show when these go getters are places in the

treatment group, they see the smallest increases in profits and have the lowest endline

TFP, although the coefficient is not statistically significant. The availability of credit

leads to a strong reversal of fortune. Overall, these results suggest the entrepreneurs who

benefit most from the loan gain because, in the absence of the loan, they would have

done poorly and those who lose from the loan do so because the would have done well

without it.

6 Policy Implications & Conclusion

Many policymakers consider supporting firm growth a primary objective. Previous efforts

have shown that this is a difficult task. The results from this study shows that a relatively

large infusions of credit could be one tool to help firms grow. Yet, as is clear from the

analysis of heterogeneous treatment effects, this is not an economy wide prescription.

While there are some firms who can benefit from a large expansion in borrowing, there

are others that are harmed, even leading to firm exit.

Some argue that firm closures could be useful in an economy. Since larger firms

have higher productivity on average, one interpretation of our results is that these loans

help the good firms grow, and let bad firms exit, opening up additional room for the

most productive firms to flourish. While plausible, this line of thinking requires careful

consideration of the human costs associated with failed businesses.

Another important implication of our work is the efficacy of psychometric data. Our

five question index is predictive of treatment effects, but is potentially subject to gaming.

Individuals in our study were informed that their loan decision would not be based

on their answers to these questions, our results do not reveal what would happen if

lending decisions depended on the responses. Finding strategy-proof ways to detect

which individuals would benefit most from large loans is a fruitful avenue for future

research. More common types of questions that assess competence, including financial

literacy questions, and other cognitive tests like raven’s matrices and digit span recall

questions were not predictive of treatment effects.
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Figures

Figure 1. Outstanding Debt at ABA
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Figure 2. Heterogenous Treatment Effects
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Tables

Table 1. Baseline

Control 

mean

Treatment ‐ 

Control 

Difference (OLS)
Number 

of Obs

(1) (2) (3)
Age 40.7 ‐0.51 985

{10.1} (0.72)
Female (=1) 0.18 0.03 996

{0.39} (0.03)
High school or more 0.56 0.01 1004

{0.50} (0.03)
Business is registered 0.35 ‐0.01 996

{0.47} (0.03)
Years of experience 12.3 0.50 996

{10.1} (0.75)
Monthly profits 6810 ‐318 993

{9330} (615)
Has employees (=1) 0.37 0.00 1004

{0.48} (0.03)
Number of employees (if >0) 0.6 ‐0.05 995

{2.19} (0.11)
Size of Previous ABA Loan 7540 5.6 1004

{4239} (222)
Have a loan other than ABA (=1)  0.12 ‐0.04 984

{0.33} (0.02)
Value of other non‐ABA loans 2040 ‐805 1004

{12201} (936)

p‐value for Joint Test 503 0.903 981
Notes: This table reports the information about the characteristics of the control group and how the treatment group differs. Column 1 reports the

control group mean with standard deviations in brackets. Column 2 reports the coefficient on a treatment indicator from a regression of each

variable that includes strata fixed effects. Non‐binary outcomes are winsorized at the top 1% level. Standard errors in parentheses. Significance *

.10; ** .05; *** .01. 
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Table 2. First Stage

Control 

mean

Treatment ‐ 

Control 

Difference (OLS)

Number 

of Obs

Borrowing Outcomes (First Stage) (1) (2)

Loan take‐up (=1) 0.76 0.09*** 1004

{0.43} (0.03)

Loan size (EGP) 9730 10800*** 1004

{9420} (956)

Loan term (sample: take‐up=1), months 13.2 6.49*** 810

{3.7} (0.34)

Size of monthly loan installments 821.0 314*** 1004

{939.5} (58)

ABA outstanding debt ~20 Months after randomization 5290 ‐831    1004

{11573} (725)

ABA outstanding debt ~30 Months after randomization 4690 631 1004

{7648} (606)

Took another loan after end of experimental loan (=1) 0.48 ‐0.06**  1004

{0.50} (0.03)
Notes: This table reports the intent to treatment estimates of the impacts of the larger loans. Column 1 reports the control group mean with

standard deviations in brackets. Column 2 reports the coefficient on a treatment indicator from a regression that includes strata fixed effects.

Standard errors in parentheses. Significance * .10; ** .05; *** .01. 

Table 3. Repayment Behavior

Control 

mean

Treatment ‐ 

Control 

Difference (OLS)

Number 

of Obs

Repayment Behavior (1) (2)
Eventual Repayment 100% 0 1004

‐ ‐
Perfect repayment of each monthly payment 0.76 ‐0.13*** 1004

{0.43} (0.03)
Total days late over the loan cycle 12.47 14.19*** 1004

{25.68} (2.63)
Total penalty within first 24 months 128 195*** 1004

{281} (48)
Daily value of late payments over the first 24 months 37 29*** 1004

{2.6} (7.6)
Notes: This table reports the intent to treatment estimates of the impacts of the larger loans on repayment behavior. Column 1 reports the control

group mean with standard deviations in brackets. Column 2 reports the coefficient on a treatment indicator from a regression that includes strata

fixed effects. Standard errors in parentheses. Significance * .10; ** .05; *** .01. 
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Table 4. ITT Impacts on Primary Outcomes

Treatment ‐ Control 
Difference (OLS)

Panel A: Profits GATES (0) (1) (2) (3) (4)
Profits 8673 1,450 ‐4,550 * ‐91 2,534 6,720 **

(1,170) (2,518) (2,119) (2,265) (2,971)

Treatment ‐ Control 
Difference (OLS)

Panel B: Primary Outcomes (0) (1) (2) (3) (4)
Revenues 45,626 5,710 ‐44,853 *** ‐6,277     22,743 *** 47,934 ***

(4,420) (11,436) (8,426) (8,642) (11,325)

Expenses 29,666 5,250 ‐26,675 *** ‐5,270     14,707 **  37,328 ***
(3,530) (9,112) (6,700) (7,485) (9,975)

Wage Bill 2,395 144 ‐1,267 **  ‐479     737     2,056 ***
(247) (626) (551) (662) (579)

Total Factor Productivity 9.64 0.04    ‐0.49 *** 0.04     0.13     0.54 ***
(0.05) (0.12) (0.11) (0.11) (0.12)

Household Expenditure 4,942 446**  ‐608     ‐213     388     1,824 ***
(211) (508) (437) (440) (504)

Treatment ‐ Control 
Difference (OLS)

Panel C: Additional Outcomes (0) (1) (2) (3) (4)

Has a Business 0.96 0.00 ‐0.07 *** 0.03     0.01     0.04 ** 
(0.01) (0.02) (0.02) (0.02) (0.02)

Number of Branches 0.20 ‐0.01 ‐0.11 *   ‐0.02     ‐0.06     0.17 ** 
(0.03) (0.06) (0.05) (0.07) (0.08)

Number of Employees 1.36 ‐0.08 ‐1.01 *   ‐1.14     0.00     1.75 ***
(0.18) (0.57) (0.81) (0.78) (0.52)

Introduced New Products 0.27 0.00 ‐0.05     ‐0.03     0.04     0.09 ** 
(0.02) (0.05) (0.05) (0.05) (0.04)

Value of Assets 361,000 ‐6,210 ‐229,359 **  ‐33,343     189,765     146,894    
(53,300) (89,119) (96,176) (126,559) (144,782)

0.01 0.00    ‐0.20 *   0.02     0.11     0.04    
(0.05) (0.11) (0.10) (0.10) (0.11)

2.18 0.04 ‐0.18 *   ‐0.03     0.02     ‐0.08    
(0.05) (0.10) (0.09) (0.10) (0.11)

128 198*** * 322 **  74     265 *   66    
(46.53) (140) (56) (135) (105)

0.21 ‐0.08*** * ‐0.14 **  ‐0.08     ‐0.08     ‐0.02    
(0.02) (0.05) (0.05) (0.05) (0.06)

Group Average Treatment Effects (GATES)Control Group 
Mean

Total Late Fees in 2 Years

Control Group 
Mean

Conditional Group Average Treatment Effects (CGATES)

Mental Health Index

Physical Health (out of 5)

Notes: Column 0 reports the ITT estimate from a regression of the outcome variable in each row on an indicator for treatment. The regression includes strata fixed effects, a
survey round dummy,and the baseline value of the variable when available with standard errors clustered at the indvidual level. Columns 1-4 in each row reports the
coefficients from a regression of the outcome variable on indicator variables associated with which quartile of estimated individual treatment effects on business profits the
borrower was assigned to by the random forest algorithm utilizing baseline psychometric data, interacted with treatment. The regression also includes the main quartile
indicators as well as the value assigned by the algorithm for the individual's outcome without treatment and the esimated treatment effect. The regressions also include strata
fixed effects, a dummy for survey round, with standard errors clustered at the individual level. Signficance *10%**5%***1%

Conditional Group Average Treatment Effects (CGATES)Control Group 
Mean

ABA Loan at 30 Months
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Table 5. Difference in Baseline Characteristics of Top and Bottom ITE Groups

Bottom 
GATES Group 

Bottom 
GATES Group 

Mean Coeff Mean Coeff
{Std. Dev.} (s.e.) {Std. Dev.} (s.e.)

Panel A: Demographics (1) (2) Panel B: Cognitive Measures (3) (4)
Age 40.4 0.91     Digit Span Recall 2.47 0.38 ** 

{10.2} (0.92) {1.86} (0.16)
Female 0.24 ‐0.06     Ravens Matrices 1.69 0.13    

{0.43} (0.04) {1.44} (0.13)
Years of Education 8.5 0.35     Financial Literacy Score 5.72 0.80 ** 

{4.6} (0.41)     {3.34} (0.31)

Panel C: Business Characteristics     Panel D: Psychometrics & Risk Aversion
Registered Business 0.37 ‐0.01 In life, failure is not an option 4.75 ‐0.78 ***

{0.48} (0.04)     {0.54} (0.06)
Monthly Revenues 40879 5565 4.55 ‐0.77 ***

{190922} (16221)     {0.66} (0.07)
Monthly Expenses 47274 6810 4.71 ‐0.81 ***

{193404} (16552)     {0.62} (0.06)
Monthly Profits 7041 2576 4.47 ‐0.98 ***

{11595} (2811) {0.78} (0.08)
Number of Employees 0.6 0.00 4.73 ‐0.76 ***

{1.9} (0.16)     {0.50} (0.05)
Previous ABA Loan 7563 122     8198 ‐1813 ***

{4438} (425) {7830} (539)

Value of other Loans 5461 ‐1341 6.87 ‐0.04    
{18128} (1912) {2.82} (0.24)

Difference in 
Top Group

Difference in 
Top Group

Notes: This table reports the baseline averages of characteristics for the individuals who are in the bottom group of estimated impacts based on the Chernozhukov (2020)
method, while Columns 2 & 4 report the coefficient on an indicator for being in the top group from a regression of each variable that includes strata fixed effects. Regressions
only include people in the top or bottom groups. Business profits, revenues and expenditures are winsorized at the top 1% level. Psychometric questions are on a 1‐5 scale,
with 5=strongly agree & 1=strongly disagree. Standard errors in parentheses. Significance * .10; ** .05; *** .01. 

Whenever I cross something off my ‘to‐do 
list’, I add something new straight away

I can think of several solutions to any 
problem
I prefer to have a flexible schedule ‐ I don't 
like being tied down

I always get things done ahead of time

Amount would spend on risky investment

Willingness to Take Risks (10= Fully Willing)
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Table 6. Correlates of enterprise profits and total factor productivity

Panel A: Business Profits
Sample Frame:

Outcome (EGP/Month):
(1) (2) (3) (4) (5) (6)

5 question Psych Index ‐2628**  ** ‐2546**  ** 2817     2521     52 45
(1153) (1150) (2056) (2171) (414) (455)

Years of Education 186     324     209*  
(196) (335) (115)

Years of Experience ‐90     323*   *   27
(82) (189) (75)

Number of Observations 943 943 952 952 954 954

Panel B: Total Factor Productivity
Sample Frame:
Outcome = TFP: (7) (8) (9) (10) (11)

5 question Psych Index ‐0.078**  ** ‐0.084**  ** 0.054     0.051    Treatment 0.041
(0.038) (0.039) (0.041) (0.041) (0.054)

        
Years of Education 0.003     0.019**  **Index ‐0.081** 

(0.008) (0.009) (0.038)

Years of Experience 0.011*** *** 0.003    Treatment * Index 0.128** 
(0.004) (0.004) (0.056)

Number of Observations 945 945 955 955 1900
Notes: Panel A reports results from regressions of profit outcomes on a lasso‐based standardized index of the 5 psychometric questions that predict individual
treatment effects. Regressions include a survey round fixed effect, and cluster standard errors at the borrower level. Panel B reports results from a similar regression
but with total factor productivity as an outcome. Significance * .10; ** .05; *** .01. 

Full Sample
Baseline ProfitsEndline ‐ Baseline Profits

Treatment Only

Control Only Treatment Only

Endline ‐ Baseline Profits
Control Only

Full Sample
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Appendix A Additional Tables

Appendix A: Additional Tables
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Appendix A Additional Tables

Table A2. GATES using Lasso Based Index of ITE

GATES using Lasso-based index of 5 psych variables

(1) (2) (3) (4)
Profits 8673 -9,851 ** 5,541 * 5,209 7,361 **

(3,849) (3,013) (4,221) (3,705)

Control Group 
Mean

Group Average Treatment Effects (GATES)

Notes: Columns 1-4 in each row reports the coefficients from a regression of the outcome variable on indicator variables
associated with which quartile of a lasso-based index of 5 psychometric variables that predicts the individual treatment effects
estimated by Chernozhukov et al (2020). The regression also includes the main quartile indicators as well as the value of the
index, and strata fixed effects. Standard Errors clustered at the individual level. Signficance *10%**5%***1%
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