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Abstract

In this paper we analyze how decisions of a micro-�nance institution (MFI) can impact

borrowers' behavior. We �rst model a situation where the MFI � through a follow-up process

� and the agent can act on the probability of the borrower's project to succeed. We show that,

whereas (i) under symmetric information, the MFI optimally helps more the borrower with lower

probability of success, (ii) this may not be the case under asymmetric information, when the

MFI has better information on success probability than the borrower (what is likely to be the

case on micro-credit market). In this last case, because of a "looking-glass self" e�ect, a high

level of help can undermine borrower's belief about his type. Under realistic assumptions, the

optimal choice of help is �rst increasing and then decreasing with the probability of success. We

then test this prediction using data from a French MFI. We build trivariate (probit and mixed)

models to test empirically how training programs are assigned to di�erent types of borrowers.

Con�rming our theoretical reasoning, we �nd a non-monotonic relationship between the MFI's

decision to follow-up and the risk of micro-borrowers. The probability to be followed-up appears

to increase with risk for low-risk agents and to decrease for high-risk agents.
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1 Introduction

Microcredit is a small-scale �nancial tool designed for individuals who are rejected from the classical

�nancial market. After having been widely used and studied in developing countries, microcredit

is now highly spreading to developed countries. While its main objective - poverty alienation - is

common for both types of economies, its implementation has several particularities in the devel-

oped countries. For example, individual lending is prevalent (instead of group lending in developing

countries), loans don't speci�cally target women and there is often a high government implication

through guaranties or subsidies in richer economies. Another important characteristic of micro�-

nance in the developed countries is the presence of a well-de�ned borrowers' follow-up strategy. The

follow-up (or help, more generally) mainly consists of training programs created to support micro-

borrowers to start-up or develop a business. In contrast, in developing countries training programs

take mainly the form of social development programs (information on health, civil responsibilities

and rights, rules and regulations of the bank, etc.). This non-�nancial support is sometimes in-

cluded in the contract o�ered by the MFI to the borrower. According to annual report published by

l'Observatoire de la Micro�nance Banque de France in 2010, the follow-up is a salient characteristic

of French micro�nance.

Microborrowers are usually unemployed people without collateral, who need �nancing for their

project. There is an important aspect that generally characterize these borrowers. Microborrowers

generally lack experience. They often need �nancing to start-up a business for the �rst time in their

life. Therefore, they lack entrepreneurial, managerial experience or means to evaluate the market.

Thus, the micro�nance institution might be better informed then the borrower about the potential

success of the project. The MFI might explore this superiority of information while deciding on the

contract to o�er. In this paper we will focus on this signi�cant feature of microcredit market in a

model with reversed asymmetric information hypothesis.

More precisely, in this paper we study how the MFI's decision to help (or follow-up) a client can

impact borrowers' behavior. We provide a model where both the MFI - through a follow-up process

- and the agent -through e�ort - can impact the probability of success of the project. Borrowers

are heterogeneous on their risk which impacts their probability of success. The MFI decides which

projects will be granted a loan. We �rst develop a theoretical model where both the MFI and the

borrower are symmetrically informed about the probability of success of the project. The main

result in this framework is that the optimal level of help chosen by the MFI is increasing with the

risk of the borrower. Second, we develop a model under asymmetric information where the principal
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(MFI) has information advantage on the probability of success. This is a rather realistic situation on

the microcredit marked with an experienced MFI faced with an unexperienced borrower. Contrary

to the �rst-best solution, under assymetric information we show that a non-monotonic trade-o�

between help and the type of the borrower is possible. Under asymmetric information the optimal

level of help is �rst increasing with the ability of the agent, and beyond a certain threshold it de-

creases.

Finally, we test our results using trivariate models where we model simultaneously three processes

(granting decision, follow-up decision, default event) to control for selection and endogeneity bias.

To do so, we use data from a French MFI. We build a scoring model and identify how the de-

cision to follow-up a client varies with the score. This relationship allows us to identify whether

the "looking-glass self" phenomenon (which we explain bellow) is present in the decision to help

a borrower. Empirical results support our theoretical �ndings: the optimal level of help seems to

increase with the score of the borrower for low score agents. Conversely, for high score agents, the

optimal level of help is decreasing with the score of the borrower.

On markets with imperfect information ine�ciencies such as credit rationing may occur. Stiglitz

and Weiss (1981) provide theoretical justi�cation for credit rationing in a model with adverse selec-

tion. Microcredit partially responds to this problem as rationed and rejected borrowers may receive

�nancing on the micro�nance market after being denied access to �nancing by traditional banks.

Besides the decision of granting a loan to these rejected project holders the MFI my also decide

to help them. From this perspective, our model can be interpreted in a venture capital framework

where both the principal and the agent can provide e�ort to impact the probability of success of the

project. Casamatta (2003) develops a double-sided moral hazard model with additive e�orts and

homogeneous agents. We add to this design heterogeneity among borrowers and reversed asymmet-

ric information where the principal is the only player to observe the risk of the borrower.

Principal's superiority of information approach has been frequently used in academic literature. For

instance, in insurance theory, Villeneuve (2000) studies pooling and separating equilibria in the

context where the insurer evaluates risk better than its customers.

Another salient interdisciplinary contribution with reversed assymetric information is Benabou and

Tirole (2003). Authors model the interactions between an agent with imperfect self-knowledge and

an informed principal who chooses an incentive structure, such as o�ering rewards and threatening

punishments or simply giving encouragement or providing help. Benabou and Tirole (2003) argue

that by o�ering a low level of help, the principal signals that she trusts the agent who will attempt
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to infer principal's private information. According to the authors, in this situation help o�ered by

others may be detrimental to one's self-esteem and create a dependence. Consequently, if no help

is thought to be reserved for the high-ability micro entrepreneurs the MFI may choose not to help

some very low ability micro entrepreneurs as well. Other situations where help can be detrimental

to the agent are presented is Gilbert and Silvera (1996). Using di�erent experiments authors show

that help can be used to undermine the beliefs of the observers who might attribute a successful

performance to help rather than to performer's abilities.

The phenomenon where the agent tries to infer principal's private information is called "looking-

glass self" and was presented for the �rst time by Cooley (1902). In our model we attempt to

capture the "looking-glass self" phenomenon on the microcredit market where the MFI may decide

to provide help to borrowers. Thus, the principal's decisions will probably have an impact on bor-

rowers' posterior beliefs.

The issue of borrower's self-esteem on the microcredit market is also discussed in Copisarow (2000).

The author underlines that microcredits psychologically boost borrowers' self-con�dence and self-

esteem by giving them greater control over their lives and expanding their options. More generally,

Copisarow (2000) argues that micro�nance strongly contributes to the "psychological, social and

�nancial well-being of micro-entrepreneurs". In our paper we don't study the impact of microcredit

on borrower's self-esteem in itself. We rather focus on how the MFI takes into account the "looking-

glass self" e�ect of training programs on borrowers' beliefs.

The academic literature on the e�ects of training programs in micro�nance is relatively recent. For

instance, Edgcomb (2002) summarizes the main �ndings of �ve grantees of FIELD (the Microenter-

prise Fund for Innovation, E�ectiveness, Learning, and Dissemination) research on the relationship

between " the characteristics of the clients and their business success" and the relationship of "busi-

ness skills training and client success". Karlan and Valdivia (2011) study the e�ect of business

training in FINCA-Peru, a group lending program designed for women by implementing a random-

ized control trial. They �nd a signi�cant impact of training on client retention in the MFI, business

knowledge improvement but little evidence on the pro�t or revenues increase. McKernan (2002)

pioneers in measuring of the non credit e�ects of microcredit programs of three MFIs in Bangladesh

providing noncredit services such as "social development programs".

In the empirical part of the paper we develop a credit scoring model. Credit scoring programs have

been widely studied in academic literature. Meanwhile, the originality of the model presented in

Boyes et al. (1989) is that they control for sample selection bias in a bivariate censored probit
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model. A solution to sample selection bias was provided for the �rst time by Heckman (1979) who

proposed a two-stage estimator to estimate behavioral functions.

To ameliorate the bivariate probit model, Roszbach (2004) suggests modeling the survival time of

a loan rather than the probability of default. The author develops a bivariate mixed model with

a probit equation for the loan granting decision and loan survival time equation. We complete the

bivariate probit model in Boyes et al. (1989) and the bivariate mixed model in Roszbach (2004) by

adding a third equation for the follow-up decision.

The remainder of the paper is structured as follows. In section 2 we present the theoretical model.

We �rst present the discrete type model, followed by continuous type model. Data used to test

theoretical results is presented in section 3. In section 4 we present the econometric models which

we used to estimate the empirical results presented in section 5. Section 6 concludes.

2 Theoretical Model

In this section we will develop a principal-agent problem with reversed asymmetric information.

Borrowers' and MFI's payo�s are modeled akin to the �xed investment model with credit rationing

presented in Tirole (2006). We assume that the borrower has no collateral to provide. First we

present the discrete model with symmetric information where both the principal (the MFI) and the

agent (the borrower) are informed about the ability of the borrower. Then, the discrete model with

asymmetric information is presented. In this model the agent is not aware about his probability of

success which is only observed by the principal. Second, we will present the continuous type model

with symmetric and asymmetric information.

2.1 Discrete type model

The agent, he, has a project for which he needs �nancing. He has no collateral and no personal

investment. Hence, he needs to borrow from the bank the total amount of the project, which we

normalize to 1. The project will generate a return, ρ, in case of success and 0 in case of failure. The

principal, she, demands a return of R = 1 + r in case of success with R < ρ, where r is the �xed

interest rate.2 She receives 0 in case of failure. The intrinsic probability of success is denoted by θi.

θi can be also interpreted as the ability of the borrower. We assume that there are three types of

agents, i ∈ {L,M,H} where θL < θM < θH . The borrower may choose to provide a binary e�ort,

e ∈ {0, 1}, at cost ψ(e) where ψ(0) = 0 and ψ(1) = ψ. The principal, in addition to microcredit

granting, may decide to provide binary help, h ∈ {0, 1}, at cost c(h), where c(0) = 0 and c(1) = c.

2A �xed interest rate is consistent with data where the MFIs �x the same interest rate for all the borrowers.
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In micro�nance help may take di�erent forms. Generally, microborrowers follow various trainings

in accounting or business management which are organized by the MFI or by her partners. From

the approach of the literature on double-sided moral hazard, help may be interpreted as the e�ort

provided be the MFI. Both e�ort and help will increase the probability of success. We de�ne the

probabilities of success, pi(e, h), as follows:

pi(0, 0) ≡ θi < pi(1, 0) < pi(1, 1) ∀i

pi(0, 0) ≡ θi < pi(0, 1) < pi(1, 1) ∀i

2.1.1 Symmetric information

In this section, we consider a model where both the MFI and the borrower observe the type of the

borrower. The timing is de�ned in Figure 1.

Figure 1: Timing of contracting under symmetric information

We make the following assumptions:

Assumption 1

The return of e�ort is increasing with type and e�ort is never done by the lowest type but always

by the higher types:

pL(1, h)− pL(0, h) <
ψ

ρ−R
< pM (1, h)− pM (0, h) < pH (1, h)− pH (0, h) ∀h

Assumption 2

The return of help is decreasing with type and it is never optimal to help the highest type but

always the lower types:

pL(e, 1)− pL(e, 0) > pM (e, 1)− pM (e, 0) >
c

R
> pH (e, 1)− pH (e, 0) ∀e

The perfect information equilibrium is such that the principal helps lower types, θL and θM and

does not help the high type, θH . Both higher types, θM and θH make e�ort but the low type θL

does not. In Figure 2 we present the extensive form of the game.
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Figure 2: Symmetric Information Figure 3: Asymmetric Information

2.1.2 Asymmetric information

Now assume that the agent is not aware about his type. The MFI is the only player to observe

the type of the borrower. The action played by the principal (help or not) can be interpreted as a

signal. The timing of contracting is de�ned in Figure 4.

Figure 4: Timing of contracting under asymmetric information

We are looking for the perfect bayesian equilibrium (PBE) of this game. In a PBE agents form beliefs

conditionally on the action taken by the principal and the resulting equilibrium must be compatible

with these beliefs (for details on PBE see Osborne (2004), Fundenberg and Tirole (1991)). Let us

show that the following PBE is possible: the principal helps only θM , and does not help θL and θH

and everybody makes e�ort. We denote by α the probability to be θH among {θL, θH}. In other

words, in this equilibrium, α is the belief of the agent that he is of high type when he observes that

the principal chose to help him. When the agent observes that the principal decided not to help

him he knows that his type is θM with certainty.

We make one additional assumption: the principal prefers a situation where the low ability agent
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exerts e�ort without help to a situation where a low ability agent exerts no e�ort and receives help.

Formally:

Assumption 3 pL(0, 1)− pL(1, 0) < c
R

We have to check that it is optimal for the principal not to help if the agent is of type θ ∈ {θL, θH}

and help if θ = θM . This equilibrium exists if, besides Claim 3, the expected return to the agent

with e�ort and no help is greater than the relative cost of the e�ort:

(1− α)(pL(1, 0)− pL(0, 0)) + α(pH (1, 0)− pH (0, 0)) ≥ ψ

ρ−R

The extensive form of the game is shown in Figure 3. In this equilibrium, due to the looking-glass

self e�ect, the principal does not help the low ability agent to make him exert e�ort.

2.2 Continuous type model

Let us now study the robustness of the previous PBE in the continuous type model. We assume

θ ∈ [0, 1]. The agent decides on the level of e�ort, e ∈ [0, 1] to provide which will positively

impact the probability of success of the project. Borrower's disutility from e�ort is ψ(e). In line

with Casamatta (2003) and Brander and de Bettignies (2006) we assume that the disutility from

e�ort is increasing and convex in e and ψ(e) = e2

2 . The principal, besides granting a loan, may

decide to provide some level of help, h ∈ [0, 1], to the borrower. Help will increase the probability

of success of the project and will generate a cost c(h) = h2

2 to the principal.3 In the continuous

model, we assume that the probability of success is a function P (e, h) = θe + (1 − θ)h.4 This

speci�cation captures the idea that e�ort will make more di�erence for a high ability agent, while

help will have a stronger impact on a low ability agent. In other words, in line with Casamatta

(2003), we assume that the joint realization of e and h is not required to implement the project.

An important di�erence however, is that we assume that the probability of success is heterogeneous

among borrowers, depending on their types, whereas Casamatta (2003) assumes that the probability

of success is min {e+ h, 1}.

2.2.1 Symmetric information

In the continuous model where both the MFI and the borrower observe the type of the borrower,

the timing of the game is the following. First, nature randomly selects the ability of the agent.

Second, the agent and MFI discover the type of the borrower. Third, the MFI decides on credit

3Specifying the form of the cost function will not change the main results of our model which generally hold for

any cost function which is increasing and convex in help.
4Note that we have always P (e, h) = θe+ (1− θ)h ≤ 1 ∀h ∈ [0, 1] and ∀e ∈ [0, 1]
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granting and follow-up. Finally, the agent decides on the level of e�ort.

We solve the program using backward induction. The agent chooses the optimal level of e�ort by

maximizing his expected utility function, UA:

UA = (θe+ (1− θ)h)(ρ−R)− e2

2
(1)

From the �rst order conditions we �nd the optimal level of e�ort chosen by the borrower:

e∗(θ) = θ(ρ−R) (2)

Note that in symmetric information help does not impact the optimal level of e�ort. Given the

optimal level of e�ort, the utility function of the principal is:

UP =
[
θ2(ρ−R) + (1− θ)h

]
R− 1− h2

2
(3)

The principal will maximize his utility function to choose the optimal level of help. The �rst order

condition is:

(1− θ)R = h∗ (4)

We can show that there exists a threshold for θ such that at the optimum the utility to the principal

will be nonnegative.

Proposition 1

Under symmetric information, the optimal level of help provided by the MFI is monotonically de-

creasing with the ability of the borrower.

2.2.2 Asymmetric information

Under asymmetric information where only the MFI observes θ, the "looking-glass self" e�ect might

occur. The agent observes the level of help chosen by the principal and he privately receives a

signal σ, with conditional density f(σ|θ) which is common knowledge. The MFI does not observe

σ. We assume that higher types of agents will receive higher signal σ according to the Monotone

Likelihood Ratio Property. The borrower will try to interfere his type after observing the level of

help chosen by the principal, i.e. the agent will try to estimate his type θ̂(h, σ) ≡ E(θ|h, σ).

The timing of the game in asymmetric information is the following. First, nature randomly selects

the type of the agent. Second, the MFI observes the type of the agent and the uninformed borrower

privately learns an exterior signal σ. Third, the MFI decides on loan granting and help level, h.

Then, the uninformed borrower observes h and updates his beliefs about his type θ̂(h, σ). Finally,

the agent choses the optimal level of e�ort e∗.
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Note that in asymmetric information help will in�uence the optimal e�ort indirectly through θ̂(σ, h).

We will solve the problem by backward induction. The agent's payo� is

UA = (θ̂(σ, h)e+ (1− θ̂(σ, h))h)(ρ−R)− e2

2
(5)

The agent maximizes his utility function to choose the optimal level of e�ort:

e∗ = θ̂(σ, h)(ρ−R) (6)

The principal does not observe σ. Therefore, there is uncertainty on θ̂(σ, h) for the principal. The

MFI will only be able to use the conditional expectation E(θ̂(σ, h|θ)) to estimate the level of e�ort

chosen by the agent. The utility function of the principal is:

Eσ [UP ] =
[
θE(θ̂(σ, h)|θ)(ρ−R) + (1− θ)h

]
R− 1− h2

2
(7)

where E(θ̂(σ, h)|θ) =
∫ 1
0 θ̂(σ, h)f(σ|θ)dσ. From the �rst order condition we �nd:

h∗ = (1− θ)R+
∂E(θ̂(σ, h)|θ)

∂h
θ(ρ−R)R (8)

where ∂E(θ̂(σ,h)|θ)
∂h is the principal's expected update of borrowers' beliefs. Using the Implicit func-

tions theorem in (8), we �nd:

∂h∗

∂θ
= −

∂2E(θ̂(σ,h)|θ)
∂h∂θ θ + ∂E(θ̂(σ,h)|θ)

∂h − 1
ρ−R

∂2E(θ̂(σ,h)|θ)
∂h2

θ − 1
(ρ−R)R

(9)

According to the second order conditions, for a principal maximizing her utility function, the de-

nominator in (9) has to be negative. This will be always the case if we assume ∂2E(θ̂(σ,h)|θ)
∂h2

≤ 0.

Proposition 2

The sign of ∂h
∂θ will be the same as the sign of the numerator in (9).

In the following, we will study the sign of the numerator in (9) for di�erent θ. To do so, we will

de�ne several conditions.

Condition 1

For low type borrowers, we have

∂2E(θ̂(σ, h)|θ)
∂h∂θ

θ +
∂E(θ̂(σ, h)|θ)

∂h
>

1

ρ−R
(10)

One necessary condition for (10) to be true is that the left hand side of (10) has to be positive.

Condition 2

For high type borrowers, we have

∂2E(θ̂(σ, h)|θ)
∂h∂θ

θ +
∂E(θ̂(σ, h)|θ)

∂h
<

1

ρ−R
(11)
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A su�cient condition for expression (11) to be satis�ed is that its left hand side has to be negative.

Condition 3

∂3E(θ̂(σ, h)|θ)
∂h∂θ2

· θ

∂2E(θ̂(σ,h)|θ)
∂h∂θ

< −2

Under condition 3, the numerator in (9) is monotonically decreasing in θ. Condition 3 implies that

the elasticity with respect to θ of the derivative of the principal's update, i.e.

[(
∂E(θ̂(σ,h)|θ)

∂h

)′
θ

]
has

to be less than 2.

Proposition 3

Under asymmetric information, when conditions 1-3 are satis�ed, there exists a threshold θ∗ such

that

1. For θ ∈ [0, θ∗), we have ∂h
∂θ > 0

2. For θ ∈ (θ∗, 1], we have ∂h
∂θ < 0

A

Note that we don't look for for a perfect bayesian equilibrium in the model with continuous type.

The result in Proposition 3 occurs due to the looking-glass self phenomenon. The principal knows

that higher level of help will damage the expected type of the uninformed borrower, thus reducing

the e�ort and the probability of success of the project. To avoid undermining very low ability

agents, the MFI will choose not to help them. She is most likely to follow-up borrowers presenting

an average risk. High-ability agents, on the other hand, do not need to receive any help, as their

probability of success is su�ciently high.

3 Data

In the econometric model we explore if the "looking-glass self" e�ect operates as we have shown in

the theoretical model, i.e. we will test if the probability to be helped is �rst increasing with risk

and beyond some threshold it is decreasing.

Our data set consists of 782 applications for business microloans treated by a French MFI between

May 2008 and May 2011. Business loans (up to 10, 000e) are disbursed to micro-entrepreneurs who

are rejected from the traditional credit market in order to create or develop their own business (self-

employment).5 We do not have information about the scoring models the MFI might have used in

her decision process. The average amount of the approved loans was 8, 900e, the average interest

5In contrast to Roszbach (2004) who studies consumer loans.

10



rate was 4,2%6 and the mean maturity was 52 months. Table 1 shows the descriptive statistics

and the de�nitions for the explanatory variables we use. Out of 782 applications, 365 (47%) were

accepted and 417 (53%) were rejected. Among the accepted borrowers, 202 (55%) borrowers were

followed-up. Follow-up decision can be interpreted as a decision to help the borrower. It can take

the form of a training in accounting, business or sta� management, etc.

To build a scoring model we need to identify which are the performing (i.e. "good") and non-

performing loans (i.e. "bad" or "defaulted"). 21% of all the accepted borrowers had 3 or more

delayed paiments in the credit history. In the following, we will denote these loans as defaulted

loans.7 This de�nition is inline with the MFI's policy. In general, the MFI writes-o� all the loans

having three or more consecutive delayed paiments.8 Half of the defaulted loans have been followed-

up (39 out of 79 loans). Whereas among performing loans a proportion of 57% was followed-up

(163 out of 286 loans). Among the clients having received help, 81% (163 out of 202 loans) are still

performing.

4 Econometric Model

The econometric model will allow us to test the non linear tradeo� between the probability to be

followed-up and the risk of the borrower. To do so, we have to estimate three simultaneous pro-

cesses. The �rst one models the credit granting decision on the binary decision variable (granted

or not granted). The second one models the micro borrower follow-up decision given the loan was

actually granted. These two processes are jointly described by a probit model.

One of the original parts of this model, directly related to the theoretical model, is the measure of

defaulted payment risk among the main determinants of the follow-up decision. Actually, the the-

oretical model leads us to specify a non linear function of the default risk: we retained a quadratic

form of the default risk measure. According to a rational expectation assumption, we build an

ex-ante measure of risk which we include in the regression part. This measure is the conditional

expectation of the default probability given observable covariates, directly related and deduced from

the third process.

6The interest rate was �xed at 4% at the beginnign of the period and passed to 4.5% at the end of the period of

analisys. The interest rate doesn't depend on borrower's characteristics.
7Note that the delayed payments need not to be consecutive or unpaid.
8Most of delayed paiments in the database where consecutive.
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Table 2: Descriptive statistics for survival time

Percentiles

Subsample Mean SD Min 5 10 25 50 75 90 95 Max

Ti, bad loans 340.1 237 0 61 92 184 274 457 668 822 1156

Ti, good loans 469.5 327.8 31 92 123 214 365 638 1003 1095 1279

For the third part, given the loan was actually granted, the default risk is modeled using two

alternative approaches. Following the traditional approach, we use the default event as a binary

indicator which is described by a probit model. In this framework, we consider all defaulted loans

to be similar. An alternative approach is to exploit the time elapsed before the occurrence of the

defaulted payment. This approach takes into account the heterogeneity of the borrowers. It allows

us to distinguish a good loan attached to a low default risk borrower from a recent loan for which a

low risk of defaulted payment is simply due to the timing of the loan period (as we show latter, the

default risk is increasing in time). To implement this approach we need to de�ne the survival time

which is the number of calendar days between the date of the �rst installment paid to the MFI and

the date when a loan became defaulted. Descriptive statistics for survival time are given in Table

2. Using the survival time allows us to take into account the heterogeneity of the loan contracts

which should be di�erentiated not only according to the moment where the contract is signed but

also according to the length of the loan period.

To control the potential endogeneity of the follow-up decision and correct the potential sample

selection bias, we use a common latent factor structure: the presence of a common latent factor

within each error compound structure allows correlation among both decisions and the default event.

Following Roszbach (2004) we use the same set of covariates in the �rst and in the second processes.

The only additive factor we have to insert in the third process is the potential follow-up (decision)

which should impact the defaulted payment risk and should contribute to reduce this risk.

4.1 Trivariate Probit Model (TPM)

In the TPM, the risk of the borrower is measured by his probability of default. We estimate the

ex-ante risk of each borrower and study the relationship between the probability to be helped and

the estimated risk. To do so, three probit equations are simultaneously estimated:
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y∗1i = w
′
iβ1 + ε1i y1i =

 1 if y∗1i > 0 (Granted)

0 if y∗1i ≤ 0 (Otherwise)
(12)

y∗2i = x
′
iβ2 + α1R+ α2R

2 + ε2i y2i =

 1 if y∗2i > 0 (Help)

0 if y∗2i ≤ 0 (Otherwise)
(13)

y∗3i = w
′
iβ3 + α3y2i + ε3i y3i =

 1 if y∗3i > 0 (Default)

0 if y∗3i ≤ 0 (Otherwise)
(14)

where R ≡ Φ(w
′
iβ3 + vi) is the probability of default of the borrower (or the risk of the borrower)

and Φ(·) is the normal cumulative distribution function.

Loan granting decision is modeled in (12). wi is a vector of di�erent characteristics of the borrower,

the household and the project.

The follow-up decision is modeled in the equation (13). Note that only borrowers with granted

loans can be followed-up.xi is a vector of variables concerning other credits and the origin of the

borrower. We also add in the regression function a second order polynomial of the expectation of

default risk. In this model, this is given by the probability that defaulted payment arises which will

be determined by a set of covariates wi and by an individual heterogeneity factor vi justi�ed later.

Note that the independent variables in xi should be di�erent from the variables contained in wi in

order to ease identi�cation problems. The estimates of the parameters assigned to Φ(w
′
iβ3 +vi) and

Φ(w
′
iβ3 + vi)

2 are the coe�cients of our main interest in this paper, according to the theoretical

model presented in section 2. If the results found in section 2 are empirically veri�ed, we will expect

α1 to be positive and α2 to be negative.

Equation (14) is the default equation. Default may occur only for granted loans, i.e. for y1i = 1.

The presence of correlation among both decisions and the default event is allowed by imposing some

structure on the error terms: ε1i = ρ1vi + ε01i

ε2i = ρ2vi + ε02i

ε3i = ρ3vi + ε03i

where the components ε01i, ε
0
2i, ε

0
3i are independent idiosyncratic parts of the error terms and each

one is supposed to follow a normal distribution N(0, 1). The common latent factor vi entering

all the compound terms ε1i, ε2i, ε3i could be considered as an individual unobserved heterogeneity

factor on the loan applicant ability to reimburse in time. Again, we assume that vi ∼ N(0, 1)
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and that this factor is independent of the idiosyncratic terms. The parameters ρ1, ρ2 and ρ3 are

free factor loadings which should be estimated. For identi�cation reason, we impose the constraint

ρ3 = 1. Free factor loadings allow us to calculate the correlations between the error terms of the

three equations.

Both the introduction of this common latent factor and the inclusion of the default risk expectation

in the regression part of the second equation impose a simultaneous estimation and allow us to

control and correct for the selection and endogeneity bias. By estimating jointly the credit granting

decision with the rest of the processes, we allow to take into account the selection mechanism and

avoid the potential bias related to that sample selection process. Finally, we maximize the log of

the likelihood function which is presented in the Appendix.

4.2 Trivariate Mixed Model (TMM)

We extend the previous model by using additional information about the survival time of a loan

Ti. In this model, the third process concerns the survival time before a defaulted payment arises

rather than only the event of a defaulted payment. Let us de�ne by ti in the following way. For

defaulted loans ti is the number of days between the the date of loan granting and the date of the

date of default. For performing loans ti is the number of days between the the date of loan granting

and the date of the reporting. The survival time is then either perfectly observed (not censored)

when a defaulted payment occurs y3i = 1, i.e. Ti = ti or is censored as the loan is still performing

when y3i = 0, i.e. Ti > ti. The TMM model will allow us estimate the survival time for each

individual. To do so, we assume that the survival time follows the Weibull distribution which is the

most commonly used duration distribution in applied econometric work (Lancaster (1990)).

Ti|vi, zi, y2i ∼Weibull(λi) where λi ≡ exp(z
′
iβ3 + α3y2i + vi)

The expected survival time is given by:

E(Ti|zi, y2i, vi) = λ−1i Γ(1 +
1

σ
) (15)

where Γ(.) is the complete Gamma function (for more details see Lancaster (1990), Appendix 1)

and σ is the Weibull scale parameter. Consequently, the risk to default is necessarily related to the

expectation of the survival time. Hence, a possible measure of this risk is naturally given by:

E(Ti|zi, y2i, vi)−1 = λi
[
Γ(1 + 1

σ )
]−1

The process of loan granting remains unchanged. For the process of the follow-up decision, we

replace the probability of default event by the alternative measure of risk, without the the current
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decision y2i which should be obviously excluded from the set of covariates of the measure of the

follow-up decision.

y∗∗2i = x
′
iβ2 + α1E(Ti|zi, vi)−1 + α2E(Ti|zi, vi)−2 + ε2i (16)

where E(Ti|zi, vi) = exp(−z′
iβ3 − vi)Γ(1 + 1

σ ).

For identi�cation strategy, the expected survival time of a loan will be identi�ed by using the ob-

served survival time, censored or not, attached to the granted loans. By estimating simultaneously

the three processes, we can avoid to bias the estimator of the variance of the parameters estimates

related on this estimated expectation in the follow-up decision equation. The identi�cation mecha-

nism in both models is simply obtained by the non linear function of the linear combination of the

determinants of risk default.

5 Empirical Results

The choice of the explanatory variables among all the available variables in the database took place

in two stages. The �rst stage is very similar to the three-step procedure presented in Roszbach

(2004). First, we checked for the univariate explanatory power of the appropriate variables for ei-

ther of the two processes, loan granting decision and the survival time of the granted loans. Second,

we veri�ed for the eventual correlation between all the variables retained in step one. All the vari-

ables were uncorrelated or had a weak correlation. Third, we found the best two univariate equations

for the loan granting decision (using a probit model) and the inverse of the survival time (using

a duration model). To identify these "best" equations, we studied several criteria as t-statistics,

loglikelihood value, AIC and BIC statistics, number of parameters and model stability. Finally the

explicative variables we retained are unemployed for more than 12 months, divorced or widow(er),

education level, gender, household expenses, household income, personal capital, economic sector,

level of assets of the �rm, gross margin on sales ratio. In the duration equation (equation ((15))),

we additionally introduced the follow-up variable to control for the e�ect of help on individual's

survival time.

One important originality of our econometric model consists in the second stage where we de�ne the

an additional process, the follow-up decision. To estimate the univariate equation for the follow-up

decision we have �rst estimated the Risk de�ned by E(Ti)
−1 in the previous section for each in-

dividual. Next, we checked for the univariate explanatory power and the correlation between the

variables which were not used in the previous two processes. We used a probit model to estimate
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the follow-up univariate equation. The regressors we �nally retained are other demands for loans,

being granted a "honor loan"9, being sent by a commercial bank, being in a relationship other than

marriage, Risk and Risk2. The estimates in the univariate equations are not e�cient because the

correlation between the error terms of the three processes is not taken into account. Moreover, the

parameters estimated in the follow-up and the duration equation might su�er from sample selection

bias as we do not observe these variables for rejected applicants. To deal with these issues, we will

estimate the three equations simultaneously by maximizing the log of the likelihood function in a

full information maximum likelihood (FIML) mixed model. To estimate the FIML mixed model,

we need �rst to de�ne the parameters starting values. The estimates of the parameters of FIML

models and their standard errors are presented in Table 3 (bold shape is used to identify estimates

signi�cant at least at 10% level).

Table 3 is structured as follows. The �rst three columns present the three sets of parameter es-

timates for the loan granting process: the �rst is a univariate equation, the second presents the

results for the TPM and the third presents the results for the TMM. We note that the variables

being unemployed for more than 12 months, household expenses, household income, catering sector

contribute signi�cantly to the loan granting decision in each of the three models. On contrary, the

non signi�cance of the variables divorced or widow(er), level of education, gender, level of assets of

the �rm is con�rmed whatever the model is. At �rst glance these results might appear inconsistent

with the outcome one might expect to �nd. An explanation might be strong homogeneity in these

variables. For example the great majority of the micro-borrowers in our sample have little or no

education at all. The signs of most of the variables correspond well to their intuitive interpretation.

However, the negative contribution of the Gross Margin on Sales ratio is less intuitive to understand.

One plausible explanation could be the fact that the MFI is not taking this variable directly into

account, but is rather focusing on the projected sales, which are strongly and negatively correlated

with GMS ratio. We tried to introduce projected sales directly in the model. The corresponding

parameter estimate was positive but non signi�cant. It is worth noticing that the parameter es-

timates are very close in column (1) and (3) and that the signi�cant estimates in column (2) are

roughly a translation of the coe�cients in (1) and (3).

Columns (4), (5) and (6) contain the three sets of parameter estimates for the follow-up decision

for three di�erent models. Having other loan demands or having received a honor loan are both

9A honor loan is a loan granted at a zero interest rate without any collateral required and subsidized by state.

These honor loans were provided by organisms other than the MFI.
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signi�cant variables increasing the probability of being followed-up in all of the models. Applicants

sent by a traditional bank are less likely to be followed-up according to the trivariate models. To

explain this result we should consider that there is a stigmatization aspect taken into account by

the MFI. For rejected borrowers the "looking-glass self" e�ect might operate very strongly, urging

the MFI be less likely to assign them to training programs. In contrast, a relationship other than

marriage seems to have no impact on the follow-up decision after correcting for the sample selection

and endogeneity bias. As a whole, the estimates of the parameters seem to be underestimated in

the univariate model in absolute value. They seem to be stronger in the TPM. The most interest-

ing �ndings concern the estimates of the parameters of Risk and Risk2. Both estimates are non

signi�cant in the univariate equation, whereas they become signi�cantly di�erent from zero in the

FIML models. The probability to help the micro-borrower seems to increase with his risk level, but

less and less. To illustrate the existence of a return point using the TPM we need to study the sign

of
∂Pr(y2i = 1)

∂R
= φ

(
x

′
iβ2 + α1R+ α2R

2 + ε2i

)
· (α1 + 2Rα2)

Note that ∂Pr(y2i=1)
∂R is of sign of α1+2Rα2. The estimates in column (5) for Risk and Risk

2 suggest

that the probability to be followed-up is increasing for individuals with lower probability of default

R < 0.36 and that it is decreasing for individuals with higher probability of default R > 0.36. Note

that about 31% of granted loans had an estimated risk R higher than 0.36. Finally, given that a

loan applicant had an estimated risk higher than 0.36, the probability of loan granting is 0.28.

Columns (7), (8) and (9) contain the three sets of parameter estimates for the scoring equations.

Note that in the univariate model and the mixed model the risk is measured as the inverse of

the expected survival time (the time before becoming a defaulted loan). In the TPM, the risk

is de�ned as the probability to default. It is important to remark that if the MFI is optimally

selecting her clients the signs of the parameters in columns (1), (2) and (3) have to be opposite

to the signs of the parameters estimated in columns (7), (8) and (9). This is generally the case.

Nevertheless, according to our model the MFI does not signi�cantly employ the variables divorced

or widow(er), education level, gender and assets of the �rm in her selection process, whereas these

variables have a signi�cant impact on individual's performance. One possible explanation is that the

MFI providing data is not choosing its clients in a perfectly optimal way. Roszbach (2004) arrives

at similar conclusions, arguing that some of the variables signi�cantly impacted the survival time

but were not signi�cant in the credit-granting equation. The salience of the follow-up process on

borrowers' performance is proved in column (9). The estimator has always a negative sign but it is
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only signi�cant in the TMM. Our intuition is that the TPM model re�ects the decision process used

by the MFI. Indeed, banks are more likely to use scoring models based on probit equations rather

than duration equations. Nevertheless, our results suggest that follow-up has a more important

impact on the survival time. In our opinion, the TMM model perhaps better captures the real

e�ect of help on risk, as duration equations allow taking into account the heterogeneity among the

defaulted loans. Consequently, we can conclude that in the full information model with survival

time, help signi�cantly decreases the risk of the borrowers after correcting for sample selection and

the endogeneity bias.

Moreover, we observe that the Weibull parameter is always signi�cant and greater than 1 suggesting

that in our sample the hazard increases monotonically with time.

Finally, the TPM seems to better correspond to the means the MFI actually uses in her decision

processes (scoring models relying on the probability of default rather than survival time models).

However, only the mixed model using the survival time proves the signi�cant impact of the training

programs.

6 Conclusion

In this paper we provide a theoretical model for the "Looking-glass self" e�ect on the microcredit

market in the developed countries. In the theoretical model we show that whereas the relationship

between help and the type of the borrower is always decreasing in symmetric information, this is

not necessarily the case under asymmetric information.

We have tested these �ndings using data from a French MFI which in addition to �nancial services

provided training programs. Using trivariate models to control for endogeneity and sample selection

bias, we partially con�rmed this result: the MFI seems to take into account the stigmatization e�ect

of help.

Our model provides interesting evidence on how MFI's decisions might undermine agent's intrinsic

motivation. However, further research is required to better understand the conditions on the shape

of the beliefs and on how the principal estimates the expected type of the borrower.

Another limit concerns the role of agent's e�ort in the empirical model. While in the theoretical

model e�ort and risk of the borrower can be dissociated, in the empirical model this is not the case.

In further research it will be worth studying at which moment the e�ort is playing a role, given

ex-post vs ex-ante equations.
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Appendix

A Trivariate Probit Model: likelihood function

The individual contribution to the likelihood function given the common factor vi can be written

as follows:

Li(θ|y1i, y2i, y3i, wi, xi, zi, vi) = Φ
(
w

′
iβ1 + ρ1vi

)y1i︸ ︷︷ ︸
P (y1i=1|vi,...)

·
[
1− Φ

(
w

′
iβ1 + ρ1vi

)](1−y1i)︸ ︷︷ ︸
P (y1i=0|vi,...)

·

Φ

(
x

′
iβ2 + α1Φ(z

′
iβ3 + vi) + α2

[
Φ(z

′
iβ3 + vi)

]2
+ ρ2vi

)y1iy2i
︸ ︷︷ ︸

P (y2i=1|vi,y1i=1,...)

·

[
1− Φ

(
x

′
iβ2 + α1Φ(z

′
iβ3 + vi) + α2

[
Φ(z

′
iβ3 + vi)

]2
+ ρ2vi

)]y1i(1−y2i)
︸ ︷︷ ︸

P (y2i=0|vi,y1i=1,...)

·

[
Φ(z

′
iβ3 + α3y2i + vi)

]y1iy3i︸ ︷︷ ︸
P (y3i=1|vi,y1i=1,y2i,...)

·
[
1− Φ(z

′
iβ3 + α3y2i + vi)

]y1i(1−y3i)︸ ︷︷ ︸
P (y3i=0|vi,y1i=1,y2i,...)

Hence, in the �rst model with three simultaneous probit equations we �nally have to integrate Li

with respect to the density function of vi: By using the adaptive Gaussian quadrature integral

approximation, we maximize the log of the likelihood function.

l(θ|y1i, y2i, y3i, wi, xi, zi)

=

n∑
i=1

ln

(∫
Li(θ|y1i, y2i, y3i, wi, xi, zi, vi)φ(vi)dvi

)
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B Trivariate Mixed Model: likelihood function

The individual contribution to the likelihood function conditional on vi using loan survival time can

be written as follows:

Li(θ|y1i, y2i, y3i, ti, wi, xi, zi, vi)

= Φ
(
w

′
iβ1 + ρ1vi

)y1i︸ ︷︷ ︸
P (y1i=1|vi,...)

·
[
1− Φ

(
w

′
iβ1 + ρ1vi

)](1−y1i)︸ ︷︷ ︸
P (y1i=0|vi,...)

Φ
(
x

′
iβ2 + α1E(Ti)

−1 + α2E(Ti)
−2 + ρ2vi

)y1iy2i︸ ︷︷ ︸
P (y2i=1|vi,y1i=1,...)[

1− Φ
(
x

′
iβ2 + α1E(Ti)

−1 + α2E(Ti)
−2 + ρ2vi

)]y1i(1−y2i)︸ ︷︷ ︸
P (y2i=0|vi,y1i=1,...)[

σλσi t
σ−1
i exp {− (λiti)

σ}
]y1iy3i︸ ︷︷ ︸

f(ti|vi,y1i=1,y2i,...)

[exp {− (λiti)
σ}]y1i(1−y3i)︸ ︷︷ ︸

P (Ti>ti|vi,y1i=1,y2i,...)
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