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Abstract:

This paper uses a panel data set from a Peruvian microfinance institution to provide evidence of the benefits of microfinance. Researchers have long been aware of potential sources of bias in impact assessments and two of these are dealt with in this paper: self-selection into the lending program and non-random program placement across a region. Using a data set from USAID’s AIMS Project (Assessing the Impact of Microenterprise Services), consisting of 410 microentrepreneurial households in Lima, Peru, we find that those who will eventually become borrowers have significantly higher incomes than those who will not become borrowers, leading us to believe that selection into the lending program is a substantial problem in this data set. After successfully controlling for this selection, we find that an average microentrepreneur who borrows earns enterprise profits of 101 soles/week or 270 soles/month more than one who does not borrow, which is significantly lower that naïve estimates (which do not take selection into account) would predict. Fixed-effects estimates give roughly the same results as the experimental cross-section analysis, showing that there is a statistically significant benefit to microenterprise credit, and the estimates of impact are smaller than the naïve model would suggest.  Finally, estimates of impact are corrected for endogeneity of credit variables using an instrumental variables technique.

1.  Introduction

Major projects by the World Bank and the US Agency for International Development (USAID), and smaller undertakings by non-governmental organizations (NGOs) seek to catalog the benefits of microenterprise finance.  From the beginning, Mohammed Yunnis, the founder of the Grameen Bank in Bangladesh, has proposed that there is a sustainable way to lend to poor microentrepreneurs.  USAID’s research efforts are centered in the AIMS Project, Assessing the Impact of Microenterprise Services, which proposes that microfinance services will impact not only the microentrepreneur who takes the loan, but her household, enterprise and community (Chen and Dunn 1996, Dunn 1999).  Despite these widely held beliefs about the benefits of microfinance, these institutions are now under increasing pressure to provide proof to skeptics and government budget makers that credit programs are a cost-effective way to assist the poor in their own economic development.  These recent studies aim to prove, unequivocally, that entrepreneurs who access credit have larger incomes, higher standards of living, more diversified income sources, and a better self-image as a direct result of the loans that they receive.  This hasn't been easy.

Although proponents of microfinance like to assert that they are assisting the poorest of the working poor, early evidence is stating otherwise.  In a study of four microfinance institutions operating in the Philippines, Uganda, Bolivia and Bangladesh, most of the microenterprise clients were clustered around the poverty line (those just below the poverty line and the “vulnerable non-poor” households) (CGAP 2000b).   The Consultative Group to Assist the Poorest (CGAP 2000a) finds the same clustering among MFIs in East Africa, which may suggest that the claims of the proponents of microfinance need to be curtailed:  they are indeed helping the poor, but something will need to change before they can say truthfully that they are helping the ‘poorest of the poor’. 

These findings by CGAP relate to the findings of the dynamic model of microfinance in the previous essay, which indicated that we may expect pre-existing differences between entrepreneurs who choose to access credit and those who do not.  First, for a given level of risk, a more profitable microentrepreneur will seek credit, and a less profitable microentrepreneur may not find it optimal to apply for a loan.  Second, for microentrepreneurs with the same level of profitability, a borrower pool who faces lower risk or has the means to deal economically with that risk, will find it optimal to borrow and will able to do so, while those who are more risk-prone will not be able to afford the high interest rates that sustainability requires.  Microfinance clients, especially those who are participants in lending programs that do not rely on group-based incentives, are more likely to operate businesses that have a higher cash flow, and are less prone and susceptible to adverse economic shocks—meaning that they are also more likely to be at or above the poverty line. For the microfinance institution, having such clients—ones with better businesses and lower levels of risk—will enable them to operate at sustainable levels.  Thus, the model’s implications support the fears of economists that selection bias is prevalent among microfinance programs.

Upon inspection, it is easy to see that two potential selection problems could cloud impact results
.  First, the self selection of entrepreneurs into a lending program may mar results of impact assessments.  Microentrepreneurs who borrow may have unobservable traits, such as more entrepreneurial ability, that would make them more likely to have higher levels of the impact variables, even without access to credit.  Secondly, program placement across a region may not be random: programs may be located where the prospects of repayment are high, such as areas with strong markets and infrastructure supporting microenterprises.  Or conversely, programs may locate in very poor areas that desperately need such services, like areas prone to drought, flood or armed conflict.  Even if the loans are helpful, without accounting for differences across villages, it might appear that credit makes these households either better off or worse off, an inaccuracy that should be avoided. 

It is imperative to have impact assessments that carefully account for self-selection in light of the recent views of the Ohio School, which supports the argument that extraordinary extension of credit to poor microentrepreneurs is only burdening the poor with debt.  The conflicting views of the benefits of microfinance perpetuate the need to be certain that impact assessments are carefully conducted.  If selection bias is a problem and is not properly dealt with, we could be overstating the benefits of microfinance, or creating an imagined benefit that is only the result of poor econometric techniques.  

This paper will add to the existing literature in several ways. First, it can test for the effect of self selection into a borrowing relationship and program placement on estimates of impact and determine how imperative it is that we control for these attributes.  It can then use the standard means of measuring impact, controlling for selection problems and possible endogeneity of credit amounts.  Finally, this is one of the first available panel data sets of households with access to microenterprise finance over time, which will allow for testing techniques that were not previously available and might better control for selection problems.  Tests will show that the standard methods of controlling for selection bias are adequate, meaning that expensive longitudinal studies may not be necessary for accurate impact assessments.  

2.  Literature Review

Recently, much of the focus of the microfinance literature has been with impact. Despite this activity, the studies have provided mixed results on impact, and have even been unclear as to the prevalence of selection problems in these impact assessments.  Most researchers have a priori beliefs that selection problems plague the efforts of those who aim to prove that program participation is beneficial, and thus it is now widely accepted that impact assessments must be careful to account for such biases.  Although they have accounted for self-selection and program placement bias, the current group of studies cannot provide clear evidence as to whether such biases play a role, or the benefits (or lack thereof) of microfinance services. 
One of the most widely cited impact assessments, by Pitt and Khandker (1998), use the World Bank's data set from three MFIs in Bangladesh and a combination of survey design and intricate econometric techniques (Weighted exogenous sampling maximum likelihood, Limited information maximum likelihood and village fixed effects, or WESML-LIML-FE) to tease out gender differentials in program impact.   They do find that credit to women has a larger impact than credit provided to men for a number of impact variables, including labor supply, children’s education and household expenditure.  In addition, they note that naïve estimates that do not account for selection significantly alter impact results—overestimating impact for some variables and underestimating impact on others.

Their results and econometric technique rely ultimately on an instrumental variables approach.  Households in villages with and without credit programs are separated by an exogenous eligibility criterion—those with more than ½ acre of land cannot be borrowers—which allows the researchers to avoid the self selection of participants into the treatment group.  The study has come under fire, as the 'exogenous' eligibility criterion has been found to be violated in a large number of cases—households that should not have been eligible for loans were, in fact, program participants (Morduch 1998).  Perhaps more importantly, their methodology may not be replicable, as similar exogenous criterion are not readily available for other microfinance programs.  More commonly, MFIs target the poor populations by offering relatively small loan sizes, instead of stated land holdings or predetermined levels of wealth.

Cost of the study—both actual and relative—is seen as a limiting factor in many instances. The lack of adequate impact assessments can partially be attributed to the large cost of such studies relative to the operating budgets of the microfinance programs.   Studies that have not relied on such large budgets have come under fire for not properly dealing with the selection problems in the data.  Hulme & Mosely (1996), in a study of 12 groups, compare unconditional means that cannot properly account for selection problems.  

Others have relied on experiments or careful construction of control groups.   The AIMS Project devised a set of "practitioner tools" with which a low-cost but extensive assessment was the key outcome.  The test aims to measure a group of clients who have borrowed for at least two years, and a group of borrowers of the same institution that have yet to receive loans.  This type of assessment, while not dealing with the selection problems, can tell the lending institution whether they are assisting the microentrepreneurs who choose to become clients.  Two such tests were conducted.  In these sets, the assessment of the ODEF lending program in Honduras cost approximately $16,000 (including estimates for opportunity costs for staff time spent on the project) for a sample of 143 households, and the assessment of Kafo Jiginew's program in Mali cost almost $12,000 plus personal time for a sample of 94 borrowers.  Both of these studies found positive impacts, particularly on enterprise profits and assets.

Furthermore, through the use of a carefully planned experiment, impact assessments do not have to be inordinately expensive to be economically sound.  One such study, of two village banking programs in northeast Thailand, makes use of survey design and planned program expansion to monitor impact.  Coleman (1999) surveyed member and non-member households in 14 villages over the course of one year.  Seven of those study sites had village banks which had been active for at least two years, one began the village bank over the course of the survey year, and the remaining six “control” villages were communities identified for village bank funding, but that had yet to receive any loans.  The households in the control villages were allowed to self-select into the village bank, and attributes of those “new” members, who had not yet received loans, were used to control for selection bias.

Coleman finds little impact of the village bank availability on various household outcomes (such as income, savings, spending on health care and education, and household assets), but does find that estimates which do not account for self-selection and endogenous program placement will be seriously biased.  This finding is strong for the endogenous program placement, although Coleman finds “that for many outcomes, unobservable differences between members and nonmembers are of little consequence,” implying that self-selection plays a minor role in the bias of naïve coefficients. 

His study points out the importance of controlling for bias, but may not show the true story surrounding impact.  Within the village banks of his study, loans are not specifically for microenterprise projects, and therefore money may not be directed at the most worthwhile investments or may diverted to consumption, both of which would lead to weak impact results.  Furthermore, there are other sources of credit in Northeast Thailand that give much larger loans that might lead to more impact.  In his study, village bank loans are constrained to 1500 to 7500 baht, considerably smaller than the average low-interest debt of survey households of 31,300 baht, and only 0.3 to 1.4% of average household income of survey respondents (529,586 baht).  
3.  The AIMS Project

The data used in this study comes from the AIMS Project (Assessing the Impact of Microenterprise Services), funded by the Office of Microenterprise Development of the US Agency for International Development (USAID).  The Project is primarily responsible for producing longitudinal impact assessments in several regions in which microenterprise credit is available, and in doing so, developing low-cost or practitioner led impact assessment tools so that individual MFIs can track their own progress.   The project also provides technical assistance and training services for impact assessments to USAID missions in their local microfinance programs.  

The largest outputs of the AIMS project are the impact assessments done in Lima, Peru, Ahmedabad, India and Zimbabwe (Greater Harare, Bulayayo and Mutare), which tested hypotheses on three levels:  individual, household and microenterprise.  All of the studies were longitudinal, with a first round of data collection in 1997, and researchers revisiting the same households in 1999.  Each survey round was done in two parts.  First, a household survey measured the individual and household level variables, such as demographics, education and food spending, the characteristics of the dwelling place, savings and loan information, shocks to the household and the employment status of household members.  The household level survey also identified all microenterprises run by members of the household.  A second survey followed up to three microenterprises operated by the household.  This survey measured variables from the microenterprise(s), including fixed assets, revenue data, location and business practices.

4.  Data

I will be using the data collected by the AIMS Project for the Peruvian study.  Elizabeth Dunn, Assistant Professor of Agricultural Economics at the University of Missouri—Columbia is the primary researcher, although survey design was done in conjunction with Management Systems International, a consulting firm who worked cooperatively with the Harvard Institute for International Development, the Small Enterprise Education and Promotion Network, and the University of Missouri.  The actual data collection was done by the Cuánto Institute, a private consulting firm in Lima, which has also worked with the World Bank on the Peru Living Standards Measurement Study (LSMS), another household level longitudinal survey (Grosh & Glewwe 1995).

4.1.  Description of Survey Respondents

The sample is split into two groups:  microentrepreneurs who chose to access credit solely from Mibanco in 1997 (“clients” or “borrowers”) and microentrepreneurs in the same area who were eligible for microenterprise loans, but did not access credit from any source in 1997 (“non-clients” or “non-borrowers”).  Survey respondents were chosen in a two-stage sampling approach
.    First three of the thirteen field offices that Mibanco operates were chosen for inclusion in the survey.  The three field offices were chosen based on two factors:  the clients within these three areas are representative of Mibanco clients as a whole, when viewed by sector, and all three economic zones of Lima—modern, popular, and marginal zones
—are represented within these three field offices.  In addition, these also contain 26% of the client base of Mibanco.  Once the three field offices of San Juan de Milaflores, Comas and Los Olivos were selected, a stratified random sample of borrowers were selected, matching the sectoral composition of the three selected areas to the sectoral composition in the survey respondents.  

The second stage identified non-borrowing microentrepreneurs who were eligible for Mibanco loans, but chose not to access them.  Four thousand such microentrepreneurs in the same neighborhood and sector of the borrower were registered in a pre-survey.   Of those 4,000 registered, a stratified random sample of 301 non-borrower microentrepreneurs were chosen for inclusion in the non-borrower sample.  

In the baseline (August 1997) survey, 400 client households and 301 non-client households were studied.  Among these 701 households, data on 1008 microenterprises were collected, as up to three microenterprises were recorded per household.   The second round of data collection, in August 1999 resurveyed the households from the first round.  Three hundred and five (76%) of the original client households and 213 (71%) of the original non-client households completed the second round of surveys
.  Changes occurred in each of those groups:  some clients no longer accessed credit and some non-clients began to access credit.  Furthermore, 92 households chose to close their microenterprises due to insufficient revenue, lack of capital, illness, death or to take a full-time or salaried job.  In the empirical analysis, there are 410 households for which we have household, enterprise and credit data from both 1997 and 1999.  

Survey respondents are broken down into four categories by borrower status in each of the survey periods:  “Always” received a microenterprise loan in both survey periods, “Dropouts” received a loan in the 1997 survey, but not in the 1999 round, “New” was not a borrower in 1997, but obtained a microfinance loan by the 1999 survey, and “Never” is the group of respondents who, while eligible, did not obtain a loan in either period. 
Figure 1.  Changing Borrower Status Between Survey Periods
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In Table 1, means are presented for age, household size, the percentage of female survey respondents, and the number of years the microenterprise had been in operation at the time of the 1997 survey.  One-way analysis of variance (ANOVA) tests were run to determine if the means across the four groups were the same
.  The tests show, at the 1% level of significance, that the mean for number of household members and the number of years that the primary microenterprise has been in operation is not the same across all four groups.   
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ANOVA test 

(p-value)

Age

43.08

41.30

39.71

40.86

0.1335

Number of Household Members

5.11

5.97

4.83

4.48

0.0012

Percentage of Female 

Respondents

41.2%

32.4%

43.8%

46.0%

0.5086

Years Primary Microenterprise              

has been in operation

7.76

6.46

5.85

5.43

0.0084

Bold text indicates significance at the 1% level.

Table 1:  Means by Borrower status 


The median revenue for the microenterprise is presented in Table 2
, broken down by our four categories of survey respondents, Always, Dropouts, News & Nevers.  In  1997,  those with credit are earning higher incomes than those without credit.  However, in 1999, that relationship is not as clear. Differences in medians across these groups are tested through a sign test, with the null hypothesis that the median for those who borrow is the same as the median income for those who never borrow, or i = Never for i = {Always, Dropout, New}.  Sign tests reveal that the median enterprise profits for those who always borrow are significantly higher than those who never borrow at the 95% level
.  This is true across years and for both weekly and monthly profits.  Dropouts and those who eventually borrow are not shown to have means that are significantly different from the Nevers.  This is true in either period and with either measure of profit.
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Table 2:  Median Incomes by borrower status (soles)


4.2.  Bias in the AIMS data

The previous essay on the dynamics of microfinance has shown that there is reason to expect that borrowers have higher levels of profitability, aside from any additional benefits from credit, implying that we must accurately account for selection bias in the data.  The AIMS data set is designed differently from others used in recent papers, as it consists of a panel of households over time, and thus allows for measurement of direct impact of credit on outcomes using household fixed effects.  Given the data, I can first test for the self-selection of respondents into the credit program by differencing out the unobservable household characteristics that have caused difficulties in other studies, then I can test for impact of credit.  Furthermore, previous studies have only been able to account for the impact of program availability on outcomes. Impact should not just be determined by a discrete participation variable or the length of time that the microentrepreneur has borrowed, but also by the level of their participation in the program, as measured by the amount borrowed.  As the AIMS data contains the loan size of the borrower, it allows me to test for any direct impact from the degree of participation in the lending program.
Another possible source of selection in the data is program placement bias.  If Mibanco has chosen to put field offices in areas across Lima in a non-random order, then using neighborhood characteristics or a neighborhood fixed effect should eliminate the non-random program placement bias.  One neighborhood fixed effect can be created using the classification of borrowers living in the modern, popular or marginal zones. The zones differ in their level of infrastructure, business opportunities and credit availability, with the best services in the “modern” zones.  Alternatively, Mibanco’s first lending program was the San Juan de Milaflores lending agency, opening in 1982, followed by 12 other field agencies covering the entire metropolitan Lima area, including the agencies of Comas (opened in 1986) and Los Olivos (opened in 1996)
.  The expansion of the Mibanco program roughly relates to the early placement of lending programs closest to central Lima, with expansion further into the northern and southern zones of the city.  If the order of program expansion is non-random, this can be tested in the AIMS data with the use of agency or neighborhood fixed effects.

There is one minor limitation in the AIMS data set, I cannot test for non-random program placement across a country or region, as all respondents are located in Metropolitan Lima and Mibanco’s operations span the entire metropolitan area.  It is possible that Mibanco clients in Lima may have higher than average income compared to borrowers in other parts of Peru, Latin America or the rest of the world, due to economic circumstances of the selected program location (Metro Lima).  However, this study will still be able to show that for areas in which microfinance programs operate, there is (or is not) a clear benefit from the program. 

5.  Empirical Tests

This section first suggests test to establish the selection problem, and finds that self-selection into a lending program is an issue that must be dealt with in impact assessments, but that program placement across zones in Lima is not a problem in this data set.  Then, standard tests of impact and newer household fixed effects estimations are suggested and results presented.  Finally, results among the different tests are compared and discussed.  In all regressions, the dependent (impact) variable is primary microenterprise profits.  Two measures of profits are available:  seven-day reported profits and average monthly profits from the microenterprise.

5.1.  Establishing the self-selection and program placement problems

By using our four categories of borrowers established in the previous section and the baseline (1997) profit data, we can cleanly test for the presence of self-selection into a credit program. The important test for self-selection bias is that being a borrower, regardless of when the microentrepreneur borrows, corresponds to a significantly higher level of microenterprise profits in 1997 compared to those which never borrow.  While part of the differential can be due to impact for the Always and Dropouts, that cannot be true for the New borrowers.  Therefore, I should examine the income of the New borrowers.  If self-selection is not a problem, the 1997 income of those who were not borrowers at the time but will eventually become borrowers should be the same as those who will never borrow, since they should not have any “impact” of credit in 1997.  If these future borrowers have vastly higher 1997 incomes than those who never borrow, we have definite reason to suspect that selection is to blame.  A similar analysis is done across lending agencies.  If Mibanco began lending operations were economic possibilities were greatest, both borrowers and non-borrowers living in these agencies should be inherently more profitable.

Therefore, I estimate the following equation for 1997 microenterprise profits for individual i

Y97i =  + Xi +  ALWAYSi +  DROPi +  NEWi  + 

Agency1 + Agency2 + i

where X is a vector of household and enterprise characteristics (sex, age and marital status of the entrepreneur, household size, negative economic shocks that the household has experienced
, and sector of the microenterprise).  The dummy variables ALWAYS, DROP and NEW relate the credit status of the entrepreneur between the 1997 and 1999 rounds of the survey, which will be used to address the question of self-selection bias, and Agency1 and Agency2 are dummy variables for the lending agencies of San Juan de Milaflores and Comas, the earliest two lending agencies opened in this sample, which are being used to measure the problem of program placement bias.  Results are presented in Table 3.

First, the credit status dummies are important.  F-statistics confirm at the 1% level of significance that the model above is specified correctly versus the alternative 
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Table 3--Regression Results from Equation 1

Figures in bold are significant, one asterisk represents significance at the 10% level, 

two at the 5% level, and three at the 1% level of significance.


that ,  and  are all equal to zero
.  More importantly, and what leads me to suggest that selection into the lending program is a problem, is the positive an significant coefficient on the New variable.  We find that those who will eventually become borrowers have significantly higher incomes than those who will not become borrowers, at a level of 81 soles/week or 233 soles/month (significant at the 5% level).  This is a priori evidence of selection in this data set.  There is also a positive and significant coefficient on Always that we could attribute to either selection or impact, or a combination of the two.  It is not surprising that the Dropout variable is insignificant, given the various reasons for opting out of credit.  While some of those who left the program did so because of businesses not generating enough revenue to cover loan payments (suggesting that  should be small), other borrowers left the program due to life events such as a birth of a child or travelling—a change that should not influence the 1997 incomes when they occur in 1998 or 1999.

We also analyze the data for program placement bias across metropolitan Lima, to see if entrepreneurs in the areas first served by Mibanco are inherently more profitable than those who live in sections of Lima that had later access to credit.  Neither of the estimates on the agency dummies is significantly different from zero.  In F-tests over the group of agency variables, we cannot reject the null hypothesis that  =  = 0 with either measure of enterprise profits, implying that program placement bias does not play an important role in the Mibanco data set
.  

These results are consistent across measures of both weekly and monthly profit data from the microenterprise, as well as using 1999 microenterprise profits, or a pooled cross section of profits.  Furthermore, the addition of credit variables to the estimating equation does not change the selection results.  

As estimates for ,  and  were similar, two additional specifications were tested and F-tests were used to compare the alternative models as shown by equations 2a through 2d
.  Model 0 versus Model 1 was already tested, and Model 1 was shown to dominate.  The first two columns of Table 4 represent the F-statistics for regressions using weekly enterprise profits and monthly enterprise profits, with the final column containing the critical value for a 95% confidence test. F-tests show that  is not significantly different from , meaning that the Dropouts and News, or those who change credit status between the two periods, have roughly the same difference in 1997 income than those who have never borrowed.  These are both groups undergoing a change in credit status, so the result is not surprising.  Furthermore, F-tests show that Model 2 dominates Model 3, or that  is larger than both  and when we consider monthly profits.

Model 0:

Yij =  + Xij + ij
(2a)
Model 1:
no restrictions
Yij =  + Xij +  Always +  Dropout +  New + ij
(2b)
Model 2: 

Yij =  + Xij +  Always +  (Dropout + New) + ij
(2c)

Model 3: 

Yij =  + Xij +  (Always + Dropout + New) + ij
(2d)
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Table 4--Testing Among Various Alternatives to Equation 1


Model two then implies that those who always borrow are earning 434 soles/month more than those who never borrow, a 50% improvement over the average enterprise profits in the sample.  Furthermore, others who have credit but leave the program or will have credit in the future have 208 soles/month greater 1997 incomes than those who never borrow, a 30% increase over average monthly profits of all borrowers over in the sample.  Given that selection into a lending program is significant, then we must appropriately control for that selection in our impact assessments.  From this point on, however, we will not control for program placement bias across Lima as there was no evidence of it in the Mibanco sample.  

5.2. Impact assessments on cross-sectional data

The standard estimation to determine impact would consist of the following equation

Yij =  + Xij  + Creditij  +ij
(3)

where Yij measures a household outcome variable such as income, Creditij is a dummy variable measuring client status of individual i in village j, Xijis a vector of household characteristics, and ij is an error term.  Impact would generally be measured as a positive estimate of .  However, the estimate of  will be biased when client status is not exogenous.  We can imagine a function Creditij = f (Xij , wij), with w representing unobservable variables, such as entrepreneurial ability, that may cause a person to choose microfinance services.  However, these same abilities might also cause them to have higher than average income levels.  By ignoring this possibility, the estimate of , the effect of credit on outcomes, will be biased upwards.  Instrumental variables is one way to get around the selection bias, however, IV poses a problem in most samples due to a lack of good instruments.  While Pitt and Khandker (1998) used IV with their Bangladesh data set, the same instrument is not available with the Mibanco data.

Coleman (1999) used experiment design to tease out selection into lending programs.  By comparing borrowers in seven program villages that had already been receiving loans with non-borrowers in seven “control” villages that had been selected to receive loans in the future, he is able to separate the unobservables into a “Member dummy” that equals one for all borrowers in the treatment villages as well as individuals in the control villages that indicated that they would participate in the lending program when it was introduced the following year.  Coleman estimates the equation,

Yij = + Xij + MEMBERij  + VBMosij  j +  ij,
(4)
where X is a vector of household and village controls, MEMBER = 1 if the respondent has chosen to be a village bank member regardless of whether or not they had begun receiving loans, and VBMos is number of months that a member has had access to loans, which is positive for all current borrowers and equal to zero for all non-borrowers and people in control villages who had chosen to participate, but had yet to begin receiving loans.  MEMBER controls for self-selection into the program, and program placement bias is corrected for through a village fixed effect
, j, and thus   is an unbiased estimate of impact.

Although I do not have Coleman’s experiment, I can construct the Member dummy, by making use of the panel nature of the data set.  I construct a variable called EverBorr, which equals 1 if the respondent was a borrower in either survey period.  This is consistent with Coleman’s Member variable:  for example, if we estimate 1997 income for a non-borrower who eventually becomes a borrower by the 1999 round, EverBorr will equal 1, but the variable measuring degree of participation in the program will be zero, just as VBMos would be.  This controls for the selection, but shows that there should not yet be any impact
.  Thus I estimate, consistent with Coleman,

Yit =  + Xit + EverBorr i  + NumDysCrit  + Amountit   + it
(5)
where Yit is the outcome variable (microenterprise profits), Xit is a vector of household characteristics including age, sex, and marital status of the microentrepreneur, household size and the number of shocks that the household experienced in the previous year, neighborhood characteristics, and sector of the microenterprise, and NumDysCrit , or number of days with credit, measures participation of the borrower in the credit program
.   

According to Coleman, bias from self-selection into the program is eliminated by the EverBorri variable, since it will proxy for unobserved household characteristics that cause a household to select to borrow.  The impact variable, NumDysCrit, will determine the distinct impact of the credit on the borrower’s profits.  Therefore, the coefficient  measures the average impact of a day of credit access on the outcome variable Yit.   I also use the amount of the most recent loan to get a better measure of program participation.   Thus,  will measure the impact per sol borrowed. 

The first comparison to be made is between the naïve results based on Equation 3, ones that do not account for the selection bias, and the Coleman-type test (Equation 5), the only difference in which is the inclusion of the EverBorr variable in the latter.  There are two important findings of this exercise.  First, F-tests reject the naïve model in favor of the Coleman-type test, implying that the inclusion of the EverBorr variable is necessary.  In viewing the results for the Coleman-type test, we observe that the parameter estimate on EverBorr is not only statistically significant at the 1% level but also economically significant.   A microentrepreneur who chooses to borrow, after controlling for level of credit access, earns 56 soles/week or 221 soles/month greater profits than those who choose not to borrow.   

Secondly, the naïve results are overstating the benefits of microfinance. As the average number of days with credit in the sample is 675 and the average loan amount is 2262 soles, the naïve estimates imply that the average borrower has microenterprise profits that are 115 soles/week or 416 soles/month higher as a direct result of the credit variables.  When we accurately account for selection, the Coleman-type tests imply


[image: image6.wmf]Weekly Profits

Monthly Profits

Weekly Profits

Monthly Profits

Intercept

   400.119***             

(64.032)

  1361.467***           

(228.420)

   367.726***            

(66.102)

   1231.878***           

(236.026)

Year 99 Dummy

5.299               

(21.377)

50.393              

(76.909)

14.576           

(21.878)

86.949                

(78.667)

Household Characteristics

Age

   -3.485***           

(0.988)

   -12.609***           

(3.539)

  -3.436***               

(0.987)

 -12.439***         

(3.532)

Female

    82.257***                 

(22.614)

     325.320***        

(80.918)

     84.147***         

(22.596)

   336.289***         

(80.911)

Married

17.268              

(22.101)

55.119            

(79.347)

13.399              

(22.154)

40.865          

(79.463)

Household Size

- 1.567              

(5.012)

 -5.461              

(17.933)

 -2.453            

(5.024)

 -8.357           

(17.947)

Shocks

4.267                      

(15.057)

 -36.496         

(53.248)

3.805              

(15.033)

 -39.825         

(53.157)

Enterprise Characteristics

Commercial

-146.098***                        

(38.839)

 -407.224***              

(136.873)

 -140.838***            

(38.868)

 -387.896***         

(136.884)

Service

-147.725***            

(44.208)

 -386.098**             

(156.949)

 -143.913***            

(44.175)

 -371.710**            

(156.759)

Neighborhood Charecteristics

Modern

17.092               

(35.471)

127.103          

(125.950)

23.611             

(35.570

152.745         

(126.262

Popular

16.367               

(25.566)

96.594                

(91.832)

21.945             

(25.685)

116.772               

(92.130)

Credit Variables

Number of Days with Credit

-0.0329                    

(0.0287)

   -0.2660***                       

(0.1025)

 -0.0595*                

(0.0318)

   -0.3678***             

(0.1130)

Amount

    0.0608***               

(0.0087)

     0.2633***               

(0.0311)
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Table 5--Coleman-type and Naïve Results

Naïve Model

Coleman-type

Figures in bold are significant, one asterisk represents significance at the 10% level, two at the 5% level, and three 

at the 1% level of significance.


higher enterprise profits of only 86 soles/week or 302 soles/month due to credit—smaller estimates than the naïve model predicts. Therefore, although we find that naïve estimates overstate impact, we still find a positive impact of microenterprise finance, in that the credit appears to have improved the lives of the poor by raising microenterprise profits.

My results using Coleman’s specification closely resemble his original results, with a one exception.  Coleman does find that the naïve estimates overestimate impact, although the bias was found to be a result of non-random program placement.  I also see biased results from the naïve model, but in this instance it is due to the self-selection into the lending program.

5.3.  New tests for panel data

One innovation present in this paper is that due to the panel nature of the data set, additional tests—other than Coleman’s experimental model—become available.  The AIMS data set has two periods of data on each respondent household, allowing us to use fixed effects estimation, another means to control for the unobserved household characteristics which were causing bias in the naïve estimation.  As such, we estimate the following fixed effects equation,

Yit = X it + NumDysCr it  + Amountit   i +  it
(6)

where Xit now includes only age, household size, shocks, which change between survey periods, and  i is a household fixed effect.

The household fixed effects take the place of the EverBorr variable in controlling for selection bias, and are and are jointly significant at the 1% level.  The fixed effects estimates give roughly the same results as the Coleman-type test, showing that there is a statistically significant benefit to microenterprise credit, and the estimates of impact are smaller than the naïve model would suggest.  This seems to imply that Coleman’s test was a satisfactory way of controlling for selection, as the same basic results were found using either technique on the same data set.  
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Table 6--Fixed Effects Results

Figures in bold are significant, one asterisk represents significance at the 

10% level, two at the 5% level, and three at the 1% level of significance.


5.4.  Discussion & Policy Implications

These results should be seen as inspiring by donors and practitioners, as there is significant evidence from this data set that credit is assisting the poor.  In addition, this is a relatively short period of time for the study, in that impact may have more long term impacts that go beyond this two year study.  Furthermore, impact may not occur just on microenterprise profits but on other outcome variables such as health care, food or educational expenditures, enterprise assets, or even self-esteem, that have not been addressed in this paper.  

Secondly, since the results for the fixed effects regressions were similar to that of the Coleman type test, this might provide a way for practitioners expanding their programs to develop low-cost impact assessments for the future, following Coleman’s experimental design.

6.  Additional Tests

6.1.  Random Effects

Fixed effects models are most appropriate when the sample and the population of interest are the same, allowing the fixed effect to be viewed as a parametric shift of the regression equation
.  However, if there are observations outside the sample that we would like to make inferences on, a random effects model, which treats the household level unobservables as a time-invariant error term, would be the better choice.  As we have a sample of entrepreneurial households in Lima, the regression might better be suited to a random effects model, where distinct household constant terms would be viewed as randomly distributed across all households in metropolitan Lima.  

The random effects model has one drawback as it assumes that the household specific error term is uncorrelated with other variables in the model.  In the AIMS data, this assumption is probably violated:  unobserved household characteristics, such as ability, are likely correlated with how much a household borrows.  Such correlation between the error and a regressor would inject bias into coefficient estimates in the random effects model.  A Hausman test can be run to determine if violation of the assumption should nullify the use of a random effects model, in favor of the fixed effects model.

The only differences between the fixed effects model (Equation 6) and the random effects are the exclusion of the (N-1) dummy variables for households and the subsequent substitution of an additional household specific error term ui, where E(ui) = 0, E(ui2) =  u 2 and E(eit, uj) = 0 for all i, t and j.  The model would then be restated as

Yit =   + X it + NumDysCr it  + Amountit   ui +  it,
(7)

where ui is the random disturbance for the ith household and does not vary across time
.  The random effects model is estimated with feasible generalized least squares (FGLS) procedure.  Results obtained in our data are found in Table 7.

The random effects estimates more closely resemble the Coleman-type results in Table 5 than they resemble the fixed effects estimates in Table 6.  For the coefficients of interest, Number of days with credit and Amount, the estimates of and  are quite different between the fixed and random effects models.  This would seem to suggest that our data set may not adhere to the assumption underlying the random effects model, thus resulting in inconsistent estimates.  
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Table 7 -- Fixed vs. Random Effects

Figures in bold are significant, one asterisk represents significance at the 10% level, two at the 

5% level, and three at the 1% level of significance.


To test if the assumption of zero correlation between the error term and the regressors is causing the differential estimates, a Hausman test is run.  Under the null hypothesis,  cov(X it, u i) = 0, the random effects estimators are unbiased and consistent.  The alternative hypothesis, cov(X it, u i) ( 0, would imply that random effects estimates are biased and that fixed effects estimates should be used
.   The inconsistency of the RE estimator is due to omitted variables bias in the random effects model when the regressors are correlated with the household disturbances.  In the RE model, unobservables like ‘ability’ are picked up in u i, an error term, whereas the fixed effects model puts these unobservables into the household fixed effect.  Under such circumstances, the RE estimator will be biased, whereas the FE estimator will not.

The Hausman test statistic is calculated as 
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]  (Greene  1997).    Chi-square test statistic with five degrees of freedom is 15.09 at the 1% level of significance.  As the test statistics for weekly and montly estimates were 18.94 and 16.22 respectively, we reject the null hypothesis and favor the fixed effects results over the random effects results.   

6.2.  Simultaneity Bias

Practitioners propose, and academics have accepted, that the supply of credit should improve enterprise profits, as it relaxes credit constraints faced by the poor.  This has been the focus of the impact assessment literature, including this paper, up to this point.  However, the theoretical work from the previous paper suggests that the profitability of the enterprise has a positive impact on the demand for credit, indicating a simultaneity problem that must be addressed. 

Although I have been using two credit variables throughout the analysis, I assume that the simultaneity problem is centered in the variable measuring the amount of credit that a borrower receives, or that more profitable borrowers want larger loans.  I further assume that the number of days with credit suffers from omitted variables bias (that has already been dealt with) and does not add to the simultaneity bias.  The Number of Days with Credit reflects on-going selection, meaning that they have been profitable enough over time, such that they have obtained loans for a longer period of time.  There is an omitted variables bias surrounding Number of Days with Credit, in that something may cause them to have higher profits over longer periods of time, although this should be corrected with the Coleman-type and fixed effects models.  Therefore, I will only have to instrument for the Amount variable in the 2nd stage regressions.

An instrumental variables technique is used to address the simultaneity bias surrounding the Amount variable.  In a first stage, the amount of credit is estimated, and predicted values of Amount are then regressed on profits to obtain an unbiased estimate of the impact of credit on profits.  IV estimation is employed in this case, as opposed to two-stage least squares, because the variable Amount is a censored variable, equal to zero for a large proportion of the observations.  This is the same type of censoring that Tobin encountered in his 1958 study on durable goods purchases and from which the Tobit model was derived (Kennedy 1998).  Therefore, I first estimate a Tobit model for Amount, in order to obtain the predicted values used in the second stage.  As the IV estimation contains a non-linear first stage regression, the second-stage standard errors must be corrected
.

In addition to the control variables that have already been used, I introduce three variables that are correlated with Amount, but that would not directly influence microenterprise profits:  non-enterprise household income, the household dependency ratio and the number of years that the enterprise has been in operation.  I estimate the following,

Amountit = a + Xita + NEHHIncit a + DepRatioit a + YrsOperit a + it
(8)

where X is the same vector as in the previous section (age, female, number of household members, married, shocks, and dummies for sector and neighborhood characteristics), NEHHInc is non-enterprise household income
, DepRatio is the dependency ratio and YrsOper is the number of years that the enterprise has been in operation.  For those households that do not borrow in a given period, Amountit  will be zero and is considered a censored observation.  Any non-zero observation on Amount is considered a non-censored observation.  The results of the Tobit model are presented in Table 8.  
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2

0.2761

0.2748

Sample Size

784
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Table 8--Tobit Results on Amount

Figures in bold are significant, one asterisk represents significance at the 10% level, two at 

the 5% level, and three at the 1% level of significance.


Two of the three instruments, non-enterprise household income and years in operation, are significant predictors of amount borrowed, while the dependency ratio is not.  Households that earn more and those with older businesses tend to borrow larger sums of money.  Sector and neighborhood characteristics do not appear to have a significant influence on the amount of credit that a microentrepreneur borrows, and the only individual characteristic that appears to matter is whether or not the borrower is married.

Since fitted values from the Tobit regression will be used for instrumental variables, it might be useful to get a sense of how well the Tobit model predicts the amount borrowed in this sample.  The closer the fit in the first stage, the better our second stage results will be.  Therefore, I calculate a goodness of fit measure suggested by Veall and Zimmermann (1994).  They adapt a pseudo-R2 measure developed by McKelvey and Zavoina for a Probit model, to make it useful in the Tobit case.  Their measure, 
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, is equal to 0.2761 for the weekly sample and 0.2748 for the monthly sample
.

The predicted values of Amount from the Tobit model, Amount*, are then used in a second stage regression of enterprise profits.  Equations 9a and 9b represent the Coleman-type and Fixed effects models using the predicted values from the first stage, and results of the estimation are found in Table 9. 

Yit =   + X it + EverBorr i NumDysCr it  + Amount*it IV it,
(9a)

Yit = X it + NumDysCr it  + Amount*it  IV i +  it
(9b)
Results of the IV approach, presented in Table 9, dramatically change results for the control and credit variables.  The dummy variable for 1999 becomes negative and significant, estimates of the female dummy increase in size, and the married dummy variable changes sign, becoming negative, and is now highly significant.  The service sector dummy looses significance and the estimates for service, modern and popular dummy variables are much smaller in size.  
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Table 9--Instrumental Variables Results

Figures in bold are significant, one asterisk represents significance at the 10% level, two at the 5% level, 

and three at the 1% level of significance.


The credit variables also show substantial differences with the IV approach.  The estimates for number of days with credit decrease in each formulation of the model, even changing sign in the fixed effects specification on monthly data.  It also looses significance in the Coleman-type specification on weekly data.  The EverBorr variable, which was supposed to control for unobservable household characteristics in the Coleman-type specification, decreased in size and lost significance for both weekly and monthly data.  Finally, the estimate on the Amount variable increases substantially in each specification. 
The major changes in estimates and significance should suggest that bias due to the endogeneity of the Amount variable is a considerable problem.  This belief, however, should be formally tested with a Hausman Specification Test.  If the amount of credit that a household receives is correlated with the error terms of the profit equation, then OLS estimates are inconsistent, while the IV estimates will be consistent.  The Hausman specification test will determine exogeneity or endogeneity of the Amount variable by testing the difference between the IV and OLS estimates.  The Hausman test uses the same base equations as 9, but adds the true value of Amount to the regression, just as in equations 10a and 10b.  

Yit =   + X it + EverBorri  + NumDysCr it   + 


Amountit   + Amount*it  IV +  it
(10a)

Yit = X it + NumDysCr it  + Amountit  + Amount*it  IV i +  it
(10b)
A t-test with the null hypothesis of  IV = 0, will test for the exogeneity of the Amount variable (Kennedy 1998). As the t-statistics on  IV (found in Table 10) are all greater than the critical value of 2.364 we can reject the null hypothesis at the 1% level, meaning that Amount is an endogenous variable and IV should be used.
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6.  Conclusions 
This essay reveals many new findings in microfinance impact assessments.  It reinforces the previous findings of Coleman and Pitt & Khandker, who determine that estimates which ignore selection bias will overstate the impact of credit.  It also adds to the debate over how much benefit, if any, the poor receive from these financial services.  

First, using Coleman’s experimental technique on a new data set from a Peruvian microfinance institution, this paper shows that self selection into the lending program is a significant problem in the data.  Once controlling for the selection however, we find that credit is leading to higher levels of microenterprise profits for those microentrepreneurs who choose to access Mibanco loans.  These results are robust across both weekly and monthly enterprise profits.  

The new data set used in this study is a panel, allowing us to estimate a household fixed effects model, which was previously unavailable for large impact assessments.  This estimation strengthens the earlier findings by showing that benefits to microfinance loans are large and significant.   Furthermore, the fixed effects model was tested against a random effects model, and a Hausman test favors the fixed effects model.

Finally, this essay examines a previously untested idea that enterprise profits may influence the demand for credit— a train of causality exactly opposite of what most papers test.   Ignoring the endogeneity of credit while testing for impact would inject bias into results.  Using instrumental variables estimation, we find that profits do influence the amount of money an entrepreneur borrows.  Indeed, even after correcting for this endogeneity, estimates of impact increase.
Appendix

A.1.  Sign test on Median Income

In section 4.1, a sign test was used to determine if there was any significant difference in medians of those who borrow from those which do not borrow in either period.  The null hypothesis is that medians are the same across groups, or i = Never for i = {Always, Dropout, New}.  The test statistic, z* is found in table A.1 below, and is measured as
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where B equals the number of observations in group i that are greater than the median for the group Never, and n is the number of observations in group i (Netter et al 1988).  We reject the null hypothesis of equal medians at the 95% level when |z*| > 1.960.
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Figures in bold are significant at the 95% level.

Table A.1--z-statistic for two-tail Sign Test


A.2.  Regression Results on Alternative Specifications

Section 5.1 of the paper tested alternative models in testing selection.  The parameter estimates for the regressions on monthly and weekly data are found in Tables A.2 and A.3, respectively.  
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Female

    338.236***                     
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(86.994)
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(87.382)

Household Size
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(19.514)
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(19.374)
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(19.455)

Married
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Shocks

-28.539             

(60.642)

-30.482            
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Service
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(174.993)

Credit Status
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49.757                
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(101.657)

R

2

0.0845

0.1319

0.1319

0.1218

Sample Size

408

408

408

408

 207.545*                 

(115.395)

    365.957***           

(88.069)

Table A.2.--Alternative Model Regression Results for Monthly Data

Figures in bold are significant, one asterisk represents significance at the 10% level, two at the 5% level, and 

three at the 1% level of significance.
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Enterprise Characteristics

Commercial
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(46.945)
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(46.072)
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(46.000)
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(46.145)

Service
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(52.519)

Credit Status

Always
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(28.356)

   123.580***                  

(28.315)

Dropout

51.014                  

(46.487)

New

   73.459*                 

(41.625)

Agency 

Agency 1 (San Juan de Milaflores)
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(28.878)
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(28.310)
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(28.279)
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2
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(34.680)
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(26.731)

Table A.3--Alternative Model Regression Results for Weekly Data

Figures in bold are significant, one asterisk represents significance at the 10% level, two at the 5% level, and 

three at the 1% level of significance.


A.3.  Pseudo-R2 measure

Veall and Zimmermann (1994) test several possible pseudo-R2 measures for a Tobit model.  The measure which performed best was 
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Traditional R2 measures cannot work for a Tobit model due to the censored nature of the data.  Modifications to the R2 measure proposed by Veall and Zimmermann include a measure of explained variation in the numerator and an estimate of total variation in the denominator.  The pseudo-R2 will always fall between 0 and 1, as is the case with the normal R2 measures, and makes use of both non-censored and censored observations, which is not the case with other proposed pseudo R2 measures for the Tobit model. 
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� Pitt and Khandker (1998) give a thorough treatment of the possible sources of bias in impact assessments.


� The description of the sampling methodology draws heavily from Dunn (1999).





� The three spatial categories of Lima were formed by waves of migration from rural areas.  The “modern” zone is central Lima, “popular” zones surround the center city have some large areas of commercial activity, while the “marginal” zones are the outer peripheries which lack large commercial areas and basic infrastructure.





� There are 183 households (95 classified as clients in 1997 and 88 classified as non-clients) which were not resurveyed in 1999.   Slightly over half could not be located, meaning that the household had moved and their microenterprises either closed or moved.  For those that were located, but not surveyed, the most common reason was distrust of the surveyors, although other reasons such as lack of time, trips, sickness and death, were also reported.  


� One initial borrower and eight non-borrowers are missing credit data in the 1999 survey period and thus cannot be classified.





� ANOVA is similar to a t-test, except it compares more than two means.  The null hypothesis is that Always = Dropout = New = Never, with the alternative that at least one of the means is not equal to the others.





� The mean of revenue was strongly influenced by some very large microenterprises, so the median was used.





� A table containing the test statistics can be found in Section A.1. of the Appendix.


� Unfortunately, the opening dates for the Comas and Los Olivos field agencies have not been confirmed.  The AIMS office provided approximate dates for their openings.


� Respondents were asked whether their household had experienced any of the following:  death, loss due to robbery, fire or drought, loss of a job, decrease or loss of income, grave illness, or other major events.





� The F-statistic was 7.2628 for the monthly data and 6.5629 for weekly profit data.


� The F-statistic for the null hypothesis of  =  = 0, was 0.1243 for weekly enterprise profits and 1.3248 for monthly enterprise profits, and thus the null hypothesis could not be rejected in either case.





� For example, an F-test between models 1 and 2 would look at the null hypothesis that the estimates for  and  are statistically the same versus the alternative that they are not equal.  Regression results for the alternative models are presented in Tables A.2 and A.3 of the Appendix.


� Pitt and Khandker (1998) also used village level fixed effects.





� Since the previous subsection suggests that program placement bias does is not a significant problem, I have dropped the agency (neighborhood) fixed effects in favor of using a measure of neighborhood characteristics, which includes the level of infrastructure and number of market opportunities in the respondent’s neighborhood.





� In most cases, this will measure the time that the individual has had a Mibanco loan.  However, in some cases, borrowers switched to a different MFI or new borrowers may have joined another program operating in Lima besides Mibanco.  Since the goal of this study is to identify the effects of microlending in general, I will not distinguish program impacts of Mibanco directly but of having a microenterprise loan in general.


� Greene (1997) and Kennedy (1998) both provide substantial comparison of the fixed effects and random effects models.





� X it is the full vector of household, enterprise and neighborhood controls from equation 5 (Coleman-type model).


� Under either covariance assumption, the fixed effects estimator is consistent and unbiased.





� With the non-linear first stage, we use � EMBED Equation.3  ���, where Y is an n x 1 vector of enterprise profits, and X is an n x k matrix containing all right-hand side variables, including the actual amount, not the predicted amount from the Tobit regression.  





� NEHHInc is constructed in the following way:  each household member who worked reported an average monthly income (Y) and the number of months (in the last 12 months) that this income was earned (m).  NEHHInc is � EMBED Equation.3  ���  for all working household members i, excluding household member j, who is in charge of the enterprise studied.  The dependency ratio is the number of household members who did not report working divided by the total number of household members.


� See Section A.3. of the Appendix for a description of the pseudo-R2 measure.
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		Table 3--Regression Results from Equation 1

						Weekly Profits		Monthly Profits

				Intercept		359.163***     (76.920)		1322.206***       (256.054)

		Household Characteristics

				Age		-3.520***                 (1.146)		-14.057***          (3.816)

				Female		106.636***               (26.048)		379.226***           (86.708)

				Household Size		-2.841           (5.839)		-9.709             (19.437)

				Married		6.841              (25.990)		52.898             (86.516)

				Shocks		0.456            (18.040)		-28.091            (60.053)

		Enterprise Characteristics

				Commercial		-110.947**   (46.049)		-375.662**     (153.289)

				Service		-138.343***              (52.531)		-392.057**             (174.867)

		Credit Status

				Always		124.014***                     (28.359)		436.944***          (94.403)

				Dropout		50.777           (46.502)		201.514                    (154.796)

				New		80.793**                       (4.0107)		233.387*     (136.517)

		Agency

				Agency 1 (San Juan de Milaflores)		12.928          (41.0107)		164.689           (107.426)

				Agency 2 (Comas)		0.038              (30.4482)		48.335              (101.357)

		R2				0.1181		0.1355

		Sample Size				410		410

		Figures in bold are significant, one asterisk represents significance at the 10% level, two at the 5% level, and three at the 1% level of significance.
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		Table 4--Testing Among Various Alternatives to Equation 1

		Unrestricted Model vs. Restricted Model		Weekly Profits		Monthly Profits		Critical F        (95% confidence)

		Model 1 vs. Model 2		0.2033		0.0872		F1,400 = 3.86

		Model 1 vs. Model 3		1.3019		2.0732		F3, 120 = 2.68

		Model 2 vs. Model 3		3.7007		6.1312**		F1,400 = 3.86

		Bold indicates significance, two asterisks indicate at the 5% level.
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		Table A.1--z-statistic for two-tail Sign Test

				Always		Dropout		New

		1997 Weekly Profit		3.3317		1.1508		-0.2534

		1997 Monthly Profit		3.1900		1.1508		0

		1999 Weekly Profit		6.1504		1.3333		1.9379

		1999 Monthly Profit		6.3090		1.1508		1.0138

		Figures in bold are significant at the 95% level.
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		Table A.3--Alternative Model Regression Results for Weekly Data

						Model 0		Model 1		Model 2		Model 3

				Intercept		416.325***                    (74.013)		371.118***                     (73.928)		373.997***                    (73.527)		368.353***            (73.699)

		Household Characteristics

				Age		-3.044***             (1.168)		-3.384***            (1.150)		-3.400***                 (1.149)		-3.223***           (1.148)

				Female		95.522***            (26.639)		102.573***                  (26.209)		103.163***               (26.144)		102.611***           (26.225)

				Household Size		-2.024              (5.918)		-3.668                (5.863)		-3.933                 (5.822)		-4.216            (5.839)

				Married		30.359                     (26.117)		9.514                (26.064)		9.179              (26.279)		12.415           (26.050)

				Shocks		0.064                     (18.172)		-0.142             (18.050)		-0.934          (17.930)		-4.517              (17.885)

		Enterprise Characteristics

				Commercial		-122.276***          (46.945)		-113.619**                (46.072)		-114.240**              (46.000)		-114.840**            (46.145)

				Service		-147.206***                (53.412)		-139.497***                (52.525)		-140.736***                (52.386)		-137.221***         (52.519)

		Credit Status

				Always				123.244***                (28.356)		123.580***                  (28.315)		105.591***             (26.731)

				Dropout				51.014                  (46.487)		63.892*                 (34.680)

				New				73.459*                 (41.625)

		Agency

				Agency 1 (San Juan de Milaflores)		-9.111            (28.878)		-9.391            (28.310)		-9.539            (28.279)		-10.455              (28.364)

				Agency 2 (Comas)		3.320            (32.835)		-9.609            (32.336)		-9.885           (32.295)		-8.681            (32.392)

		R2				0.0715		0.1149		0.1146		0.1067

		Sample Size				408		408		408		408

		Figures in bold are significant, one asterisk represents significance at the 10% level, two at the 5% level, and three at the 1% level of significance.
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		Table A.2.--Alternative Model Regression Results for Monthly Data

						Model 0		Model 1		Model 2		Model 3

				Intercept		1520.965***             (255.857)		1328.913***       (256.085)		1329.981***                    (254.918)		1313.113***                (255.950)

		Household Characteristics

				Age		-12.286***                (3.899)		-13.572***          (3.829)		-13.578***                   (3.822)		-12.906***              (3.826)

				Female		338.236***                     (88.899)		364.661***           (87.231)		364.904***                (86.994)		362.806***                 (87.382)

				Household Size		-6.139                 (19.749)		-12.551             (19.514)		-12.660                 (19.374)		-13.736               (19.455)

				Married		136.964                    (87.158)		62.619             (86.749)		62.482              (86.598)		74.776          (86.799)

				Shocks		-28.539             (60.642)		-30.482            (60.072)		-30.807                 (59.662)		-44.416               (59.592)

		Enterprise Characteristics

				Commercial		-412.685***                     (156.664)		-384.378**     (153.341)		-384.633**           (153.068)		-386.914**          (153.757)

				Service		-417.289**              (178.244)		-395.529**             (174.817)		-396.038**            (174.316)		-382.682**                 (174.993)

		Credit Status

				Always				434.158***          (94.375)		434.296***               (94.218)		365.957***           (88.069)

				Dropout				202.260                    (154.719)		207.545*                 (115.395)

				New				211.471    (138.538)

		Agency

				Agency 1 (San Juan de Milaflores)		107.292                  (109.576)		153.345           (107.622)		153.459                  (107.464)		148.885               (107.929)

				Agency 2 (Comas)		4.770           (103.259)		49.705              (101.401)		49.757                (101.268)		41.704         (101.657)

		R2				0.0845		0.1319		0.1319		0.1218

		Sample Size				408		408		408		408

		Figures in bold are significant, one asterisk represents significance at the 10% level, two at the 5% level, and three at the 1% level of significance.
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		Table 5--Coleman-type and Naïve Results

						Naïve Model				Coleman-type

						Weekly Profits		Monthly Profits		Weekly Profits		Monthly Profits

				Intercept		400.119***             (64.032)		1361.467***           (228.420)		367.726***            (66.102)		1231.878***           (236.026)

				Year 99 Dummy		5.299               (21.377)		50.393              (76.909)		14.576           (21.878)		86.949                (78.667)

		Household Characteristics

				Age		-3.485***           (0.988)		-12.609***           (3.539)		-3.436***               (0.987)		-12.439***         (3.532)

				Female		82.257***                 (22.614)		325.320***        (80.918)		84.147***         (22.596)		336.289***         (80.911)

				Married		17.268              (22.101)		55.119            (79.347)		13.399              (22.154)		40.865          (79.463)

				Household Size		- 1.567              (5.012)		-5.461              (17.933)		-2.453            (5.024)		-8.357           (17.947)

				Shocks		4.267                      (15.057)		-36.496         (53.248)		3.805              (15.033)		-39.825         (53.157)

		Enterprise Characteristics

				Commercial		-146.098***                        (38.839)		-407.224***              (136.873)		-140.838***            (38.868)		-387.896***         (136.884)

				Service		-147.725***            (44.208)		-386.098**             (156.949)		-143.913***            (44.175)		-371.710**            (156.759)

		Neighborhood Charecteristics

				Modern		17.092               (35.471)		127.103          (125.950)		23.611             (35.570		152.745         (126.262

				Popular		16.367               (25.566)		96.594                (91.832)		21.945             (25.685)		116.772               (92.130)

		Credit Variables

				Number of Days with Credit		-0.0329                    (0.0287)		-0.2660***                       (0.1025)		-0.0595*                (0.0318)		-0.3678***             (0.1130)

				Amount		0.0608***               (0.0087)		0.2633***               (0.0311)		0.0558***                    (0.0091)		0.2432***          (0.0325)

				Ever Borrowed						56.295*               (29.270)		221.182**            (104.618)

		R2				0.1336		0.1465		0.1377		0.1513

		Sample Size				784		816		784		816

		Figures in bold are significant, one asterisk represents significance at the 10% level, two at the 5% level, and three at the 1% level of significance.
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		Table 7 -- Fixed vs. Random Effects

						Fixed Effects				Random Effects

						Weekly            Profits		Monthly            Profits		Weekly           Profits		Monthly         Profits

				Intercept						376.146***          (71.173)		1267.438***           (253.009)

				Year 99 Dummy		3.272             (22.008)		20.490                 (79.902)		14.002              (19.192)		80.223               (69.710)

		Household Characteristics

				Age		-0.371            (2.708)		2.542                  (9.3037)		-3.290***             (1.078)		-11.742***           (3.835)

				Female						72.612***         (23.932)		302.436***             (85.606)

				Married						10.796        (23.613)		35.804              (84.711)

				Household Size		5.584                     (9.506)		-4.029                       (35.028)		-1.569        (5.292)		-8.601               (18.934)

				Shocks		-28.009           (19.231)		-126.736*                 (68.168)		-4.980          (14.751)		-61.251            (52.221)

		Enterprise Characteristics

				Commercial						-153.351***         (42.553)		-417.911***         (149.339)

				Service						-159.085***          (48.624)		-418.014**            (171.342)

		Neighborhood Characteristics

				Modern						39.046        (36.543)		168.308           (130.060)

				Popular						25.984          (25.962)		113.508              (93.158)

		Credit Variables

				Number of Days                 with Credit		-0.0369          (0.0323)		-0.2968**          (0.1150)		0.0393          (0.0495)		0.0114                 (0.0179)

				Amount		0.0470***           (0.0090)		0.2208***           (0.0322)		0.0219*           (0.0122)		0.1540***                     (0.0442)

				Ever Borrowed		57.887*           (32.062)		216.173*              (114.133)

		R2				0.3916		0.4176		0.6954		0.6900

		Sample Size				784		816		784		816

		Figures in bold are significant, one asterisk represents significance at the 10% level, two at the 5% level, and three at the 1% level of significance.
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		Table 9--Instrumental Variables Results

						Coleman-type				Fixed Effects

						Weekly             Profits		Monthly            Profits		Weekly               Profits		Monthly                 Profits

				Intercept		537.748***       (95.648)		2049.956***           (374.708)

				Year 99 Dummy		-80.229**     (32.678)		-328.340**             (128.580)		-66.206**         (27.803)		-289.966***         (105.696)

		Household Characteristics

				Age		-3.335**      (1.401)		-15.134***        (5.482)		-1.134         (3.227)		-2.277         (11.545)

				Female		64.371**     (32.079)		289.608**        (125.144)

				Married		-205.801***      (38.860)		-886.145***      (151.567)

				Household Size		-5.598       (7.140)		-23.091      (27.881)		4.029          (11.333)		-13.747        (43.492)

				Shocks		-5.390        (21.353)		-91.515                  (82.571)		-23.038              (22.943)		-115.353               (84.618)

		Enterprise Characteristics

				Commercial		-159.804***        (55.303)		-429.276**        (212.695)

				Service		-64.142           (63.422)		-55.223            (245.621)

		Neighborhood Characteristics

				Modern		2.181        (50.536)		74.291   (195.966)

				Popular		4.674        (36.560)		58.357     (143.178)

		Credit Variables

				Number of Days with Credit		-0.0400         (0.0427)		-0.2910*        (0.1664)		0.0101             (0.0587)		-0.1146            (0.2210)

				Amount  (Predicted Values from Tobit Regressions)		0.2251***    (0.0223)		0.9765***      (0.0882)		0.1759***             (0.0231)		0.7998***           (0.0893)

				Ever Borrowed		49.538         (40.376)		195.091        (157.117)

				Household fixed effects						jointly     significant		jointly significant

		R2				0.3254		0.4052		0.7580		0.7761

		Sample Size				784		816		784		816

		Figures in bold are significant, one asterisk represents significance at the 10% level, two at the 5% level, and three at the 1% level of significance.
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				Table 10--Hausman Specification Test

		t-statistics on  yIV

				Weekly Profits		Monthly Profits

		Coleman-type		15.187		19.328

		Fixed Effects		10.02		12.86
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		Table 8--Tobit Results on Amount

						Weekly Sample		Monthly Sample

				Intercept		-828.050*                (486.093)		901.650*            (470.263)

				Year 99 Dummy		203.984              (200.815)		199.678         (195.633)

		Household Characteristics

				Age		-7.784           (7.885)		6.275             (7.642)

				Female		10.135          (167.162)		-38.849            (162.576)

				Married		1017.697***         (165.113)		988.623***                 (160.750)

				Household Size		-57.436            (39.433)		-58.463                   (38.353

				Yearly Household Income		0.0296***            (0.0037)		0.0298***                (0.0037)

				Dependency Ratio		335.232              (478.222)		422.927           (467.043)

				Shocks		43.734          (111.297)		70.698                (106.779)

		Enterprise Characteristics

				Commercial		284.580              (286.029)		240.221           (273.088)

				Service		-159.060            (329.421)		-136.117           (316.922)

				Years in Operation		55.955***                (12.028)		54.846***             (11.784)

		Neighborhood Characteristics

				Modern		-8.184          (265.776)		-31.661         (256.083)

				Popular		-69.586            (191.485)		-94.809           (187.118)

		Pseudo-R2				0.2761		0.2748

		Sample Size				784		816

		Figures in bold are significant, one asterisk represents significance at the 10% level, two at the 5% level, and three at the 1% level of significance.
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		Table 6--Fixed Effects Results

						Weekly Profits		Monthly Profits

				Year 99 Dummy		3.272             (22.008)		20.490                 (79.902)

		Household Characteristics

				Age		-0.371                        (2.708)		2.542                  (9.3037)

				Household Size		5.584                     (9.506)		-4.029                       (35.028)

				Shocks		-28.009           (19.231)		-126.736*                 (68.168)

		Credit Variables

				Number of Days with Credit		0.0393          (0.0495)		0.0114                 (0.0179)

				Amount		0.0219*           (0.0122)		0.1540***                     (0.0442)

				Household fixed effects		jointly significant		jointly significant

		R2				0.6954		0.6900

		Sample Size				784		816

		Figures in bold are significant, one asterisk represents significance at the 10% level, two at the 5% level, and three at the 1% level of significance.
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		Table 1:  Means by Borrower status

		Status                                                               (number of households)		Always (199)		Dropouts (37)		New            (48)		Never                (126)		ANOVA test (p-value)

		Age		43.08		41.30		39.71		40.86		0.1335

		Number of Household Members		5.11		5.97		4.83		4.48		0.0012

		Percentage of Female Respondents		41.2%		32.4%		43.8%		46.0%		0.5086

		Years Primary Microenterprise              has been in operation		7.76		6.46		5.85		5.43		0.0084

		Bold text indicates significance at the 1% level.
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		Table 2:  Median Incomes by borrower status (soles)

		Status                        (number of households)		Always (199)		Dropouts (37)		New            (48)		Never                (126)

		1997

		Weekly Income		180		175		105		140		140

		Monthly Income		750		700		450		570		570

		1999

		Weekly Income		180		145.5		180		105

		Monthly Income		700		600		600		450
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